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Abstract
The study area centers around a 6 million acre protected area in upstate New York known
as the Adirondack State Park. Spatial data are gathered and manipulated, then input into
the ArcGIS Pro suitability modeler tool to construct several wildfire ignition risk models,
as well as a wildfire spread risk model. Upon comparing these ignition models,
contextual conclusions are formed on areas of greatest ignition risk pertaining to the
individual models. The wildfire ignition risk models are overlayed with the spread risk
model, to assess which areas are most likely to facilitate initial ignition and subsequent
spread. Ultimately, it appears all models may prove useful, depending on the user and the
intended purpose. However, there may be room for model improvement.
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CHAPTER 1
Introduction:
Purpose. Wildfires are becoming an ever more prevalent phenomena in the face of
ongoing anthropogenic climate change. These types of fires are those set by both natural and
anthropogenic vectors that spread uncontrolled. They typically originate in areas less likely to
cause structural damage, but often eventually grow large enough to present a danger (Firewise,
1998). As the world’s average global temperatures increase, large-scale synoptic wind patterns,
precipitation patterns, and general weather events will continue to change. Therefore, we can
expect changes in land surface moisture and the vegetative structure/composition of various
landscapes. These alterations bring into question how dynamic precipitation patterns may be, and
under differing scenarios, how these changes promote ignition of forest fuels and their prolonged
combustion. More specifically, these changes may alter fire behavior, and lead to its
predominance in once rare areas of occurrence. In turn, this makes filling in the gaps of literature
on fire ignition modelling important. By determining areas of greatest vulnerability to ignition
using suitability modelling, more detailed information can be provided to governmental
agencies, nongovernmental organizations, land managers, citizens, etc. This may aid in the
prevention of future ignition, and the mitigation of spread from an array of ignition sources.
Specifically, the objectives of this study are to determine areas of highest suitability (risk) to
wildfire ignition and spread, using these values across an array of models to provide a range of
wildfire risk possibilities.
The questions to be addressed in this study are displayed here:
1. Which model input variables should be used and why?

1

2. How are model results affected by including and excluding different variables in different
models?
3. Which model(s) is/are best (if any) for determining the most at-risk areas for fire ignition
and spread?
The focal area of this study is the Adirondack State Park (ASP) in the northeastern-most
part of New York State, which is comprised of the Adirondack Mountains, a subsidiary set of the
Appalachian Mountain chain (Figure 1). The state park is an important environmental oasis
founded in 1892 by the State as a “forever wild” preserve, consisting of 6 million acres of
publicly protected land, sparsely populated, but heavily frequented by locals and tourists
(Adirondack Park Agency [APA], n.d., para. 1). In fact, the ASP “is the largest publicly
protected area in the contiguous United States, greater in size than Yellowstone, Everglades,
Glacier, and Grand Canyon National Park combined” (APA, n.d., para. 1).
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Fig. 1:
Depiction of
Adirondack
State Park study
area in relation
to inter-andintrastate
location.

Filled with dense understory vegetation, frequented by humans and their ignition
inducing recreational activities, and comprised of steep slopes and narrow valleys, these
mountains could promote fire spread and ignition given the proper conditions. In addition, they
are proximate to small, medium, and large urban and rural communities, where people can be
both a leading cause of ignition, as well as victims of its damaging consequences (Balch et al.,
2017). Although some natural and prescribed fires are necessary for clearing understory
vegetation and the promotion of a variety of plant offspring success, humans have had an
historical aversion to fire that did not meet these or cultural uses (Schultz et al., 2019). This has
led to congested fuel loads from fire suppression. The buildup of these fuels increases the
likelihood of future ignition, as well as the severity of fires and their spread rate (Jørgensen et al.,
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2008). Therefore, careful fire management is pertinent for the continued co-harmonious
existence of current flora, fauna, and human populations. Otherwise, increasing fuel loads,
continued exposure to anthropogenic sources of ignition, and climate change creating a
potentially warmer environment, could pose increased risks to the area’s species diversity,
natural and recreational resources, as well as human property and life. Pinpointing areas at
greatest risk to non-prescribed ignition will help to protect the aforementioned biota.
Additionally, being able to identify areas of vulnerability could lead to a more efficient use of
funds and resources to combat ignition, thus allowing municipalities and state government
organizations to divert excess funds towards other needs. In this study, I aim to identify a set of
variables from the scholarly literature that will determine zones of greatest wildfire ignition and
spread susceptibility.
A Brief History of U.S. Fire. Although not considered modern day prime fire land, during
the pre-industrial revolution era the northeast was in its totality, more heavily influenced by fire.
During the colonization of what is today the U.S., it became evident that there were two main
sources of ignition, lightning and people (Van Lear & Harlow, 2002). These natural landscapes
were altered through natural lightning ignition, and both prescribed and accidental ignition,
primarily by Europeans (Doerr & Santin, 2016). As time progressed and the co-dependent ideals
of manifest destiny and mans’ dominance over nature persisted, fire became seen as another one
of mother nature’s beasts to conquer (Van Lear & Harlow, 2002). Today we can see the impacts
of over-suppression of wildland fires, most evidently in the western U.S., where warmer and
drier climate conditions are driving an increasingly prolonged and intense burn of the overly
dense vegetative cover. Less evident is this on the east coast, where fire suppression has led to
large swaths of land with dense understory, changing both the natural vegetative and animal
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ecology of the region. However, because the climate conditions in the northeast are far cooler
and moister, fires are less frequent and severe to begin with, and do not deliver the same
apocalyptic shock-and-awe value as those covered by major media outlets in the western U.S.
(Brotons et al., 2013). But, as climate conditions change in the northeast, there is potential for
fires’ return to the landscape, whether we attempt to further suppress them or not.
Fire History of New York State. New York last experienced a pattern of severe wildfire
occurrence within the Adirondacks in the latter end of the 19th century and briefly in the 1920s.
Intense regional fires in Maine in 1947 led municipalities, including New York, and throughout
the northeast to alter their land use practices and codified fire suppression strategies. Post-1950,
these suppression strategies helped to decrease the mean area burned in New York. In addition,
increasing moisture levels throughout New York’s mountain ranges during their usual dry
seasons starting in the 1960s helped contribute to the decrease in wildfire ignition and spread; a
roughly 89% decrease in decadal area burned from between the 1950s and 2000s (Irland, 2013,
Appendix A, Supplementary data 1. Table 2). New York’s decadal average of area burned
peaked in the 1920s at roughly 35,000 hectares, ultimately dropping near 0 for the early 2000s
(Irland, 2013; Holmes et al., 2008).
Further data analysis from this same study (Irland, 2013) shows the cumulative
percentage of the land area burned in comparison to the percentage of years. Thus, using their
Lorenz Chart one can see that 10% of New York/New England fire years accounted for ~35% of
the cumulative area burned over the period from 1950-2010. Additional data analysis shows that
within the 2000s, smaller fire occurrences decreased, while larger fire occurrences actually
increased (Irland, 2013). Other important data is New York’s Fire Return Interval (FRI), which
is correlated with fire size, where smaller fires (810+ hectares) occur on decadal intervals versus
5

larger fires (1600+ hectares) functioning on intervals of a quarter century. Meanwhile, average
annual fire burned falls around 2537 hectares, with a standard deviation of 91.2% times the
mean. Also pertinent, is the timeframe within which fires occur, as most of New York’s fires
occur in the early Spring. Thus, fire occurrence is constrained to a finite temporal period.
Overall, because fire size and occurrence are variable, it is advised that New York (and the
northeast in general) could be in-store for large fire events, especially if climate conditions trend
towards greater warmth and less moisture. This is not to infer that variability implies large fire
events will occur, but that because of its unpredictability caution is warranted (Irland, 2013;
Holmes et al., 2008).
Fire History of the Adirondacks. Fire activity remained relatively rare in general in the
Adirondacks until anthropogenic factors of disturbance were introduced. The region experienced
its most rapid changes in forest composition following European settlement and activities. Prior
to European settlement, fire likely only burned in any given area within the Adirondacks roughly
every one-thousand years, as both human settlement and lightning was rare in the region
(Grochocki et al., 2019; Ziegler, 2007, p.467).
Logging dominated the landscape from the mid-18th century through the late 20th
century in the Adirondacks. However, the logging boom ended in 1910 with 1/3 of the
Adirondacks clear-cut. This was because simultaneous (but distinct) conservationist and
preservationist movements, which influenced pro-environmental policy, led to many loggers
moving for less regulated lands (The Adirondack Research Library of the Kelly Adirondack
Center at Union College, n.d.). Prior to the 1894 “Forever Wild” clause, the Adirondacks were
logged heavily, especially during and post-Civil War (APA, n.d., para. 1). The Forever Wild
clause was an amendment to the New York State Constitution, which protected the Adirondacks
6

from over harvesting. This started the promotion of selective harvesting, a more sustainable
method of silviculture still practiced today, although aggressive harvesting practices still
proceeded for some time (New York State Department of Environmental Conservation
[NYSDEC], 2017).
Logging exposed less fire-resistant vegetation (herbaceous surface fuels, as opposed to
hardwoods), which, combined with sparks from the railroads that these logging operations often
followed, from both coal and wood fuels, and metal brakes, provided both a source and method
of ignition. This logging helped to trigger the most recent large fires within the region, of 1903
and 1908. In 1909, laws went into place and enforcement measures were taken to mandate trains
use oils as fuel (no sparks) during dry seasons, and that loggers properly trim the branches of
treetops and layer them across the ground for proper decomposition (Adirondack Experience
[ADKX], n.d.). A case study of the moderately sized 1999 campfire provides some insight into
how past fire regimes shaped the modern vegetation characteristics. Ziegler (2007) assessed the
pre-fire vegetation, which for the study is considered to be approximately one-hundred-year
secondary successional growth from prior disturbance and compares it to primary successional
growth shortly post-fire. She found both spruce/fir and birch as the predominant species of high
flammability, whereas several conifer species were rendered unidentifiable due to severe
burning. However, unexpectedly, aspen has been the main post-fire disturbance replacement
vegetation instead of birch, as aspen does not persist with much frequency within the park itself.
Aspen usually persists at lower elevations, where moisture levels are typically greater than that
of the study area. Ziegler asserts that this is likely due to higher levels of moisture availability
due to climate change, that provide the proper conditions for aspen seedling germination. If this
is true, the expansion of lower flammability aspen may reshape the regions fire susceptibility; at
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least at elevations above 900 meters during secondary successional stages of growth (Jones &
DeByle, 1985; Ziegler, 2007).
Vegetative Structure. Alpine vegetation (surface fuels/non-canopy) comprises 85 acres of
the highest peaks of the Adirondacks, which range anywhere from 914 meters to around 1625
meters above sea-level. However, these alpine ranges are typically rare below 1350 meters
(Carlson et al., 2011). These may support low-intensity surface fires if ignited. Mountain conifer
species, such as, black spruce (high flammability) and balsam fir sit in this region, roughly 853
to 914 meters of elevation (Fryer, 2014). Several species of birch, American mountain-ash, and
spruce-fir lay at the lower-end of this threshold (Environmental Science and Forestry Office of
Communications, [ESFOC], n.d.).
Upper slope hardwood conifer forests dominate steep slopes between 762 to 853 meters.
This area is primarily covered by eastern hemlock, red spruce, sugar maple, yellow birch, and
American beech, along with sparsely located white pine. These steep slope trees represent a
mixture of old-growth and secondary growth forests, with moderate fire susceptibility, especially
to upslope fire movement (Adirondacks Forever Wild [AFW], n.d.; ESFOC, n.d.).
Northern hardwood forests comprise approximately half of the Adirondack forestry.
These exist around the slopes in low-to-middle elevation ranges (up to 762 meters). Here,
moisture increases slightly, along with soil depth and an array of understory shrubs and saplings.
The primary species here are sugar maple, American beech, and yellow birch, with a variety of
other intermixing minority species. The increased moisture load at this level makes it less
susceptible to ignition than higher elevations. However, the presence of a variety of susceptible
old-growth and secondary successional growth fire prone conifer species can promote fire given
the proper conditions (Hille & Reitz, 2005; ESFOC, n.d.).
8

Hardwood-conifer, or mixed forests, represent a transitory space between lowland
coniferous forests and the above northern hardwood forests. The majority of species in this
liminal space are red spruce, balsam fir, eastern hemlock, red maple, and yellow birch.
Understory vegetation is vast, with increasing moisture loads. Increasing moisture means
ignition is even less likely in these regions than in those at higher elevations. That said, in dry
conditions ignition can still be facilitated, due to abundant understory vegetation, enabling the
spread of surface fires (ESFOC, n.d.).
Lowland coniferous forests contain mostly red spruce and balsam fir, along with patches
of paper birch and white pine. These exist at moderately low levels of elevation. These areas are
often very moist, frequently positioned adjacent to bodies of water. Due to the higher moisture
content, which is typical for these areas, ignition is unlikely outside of drought-like conditions
(ESFOC, n.d.).
Lastly, coniferous swamps exist at the lowest elevation levels. These ecological
communities are predominated by tamarack and black spruce. Although black spruce was
previously mentioned as having high flammability in higher elevations, these low-lying spruce
exist in areas experiencing poor drainage. Thus, ignition is less likely, outside the event that a
crown fire ignition occurs. Additionally, tree density experiences high levels of variability;
subsequently, spread post-ignition is likely limited (ESFOC, n.d.). From this vertical
characterization of vegetative structure, it becomes evident that elevation plays a significant role
in ecological composition, moisture load, and therefore, ignition susceptibility.
My study identifies the areas most likely to be susceptible to ignition, as the climate
becomes warmer and drier, taking into account ignition sources provided by anthropogenic
forces, such as recreational activities, electric utilities, arson, etc. Areas will be determined by
9

the examination of anthropogenic and non-anthropogenic variables (such as land cover,
mentioned above) in relation to themselves and one another within an ArcGIS Pro suitability
model. Additionally, historical ignition data will be used to depict how past ignition points either
further validate, invalidate and/or support the various suitability models. By running an array of
models, areas of greatest ignition and spread risk may be produced. These products may better
identify the areas of greatest concern than existing data, as well as aid management personnel by
helping to define areas to better concentrate resources to mitigate damage more finitely in these
areas.

10
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CHAPTER 2
Literature Review:
Wildfire studies vary drastically, from that of ecological impacts to fire predictions. In
this chapter I review the academic literature on sources of ignition, the roles of variables and
their importance to behavior and ignition, and previous studies on fire modelling. Based on this
review, this study highlights areas of greatest wildfire ignition risk in the present, without
attempting to make explicit temporal projections. It should be noted that with the lack of existing
research on U.S. northeastern temperate forests and their associated fire regimes, this literature
review needs to make use of studies on a variety of geographies and their fire regimes. Although
these geographies differ in their pyromes, retaining this information in this thesis is important as
to not leave any knowledge gaps on the relationship between fire and its surrounding
environment.
Pyromes. Pyromes are a broad categorization of fire regimes across the globe. Archibald
et al., (2013) classify several global pyromes, each possessing unique susceptibility to fire and
how it behaves. The Adirondacks fall within the RCS pyrome, described as having a cool
climate, with rare and small fires. These pyrome areas have long fire return periods of over 100
years, short fire seasonality, and indistinguishable burn areas when measuring at a global scale of
0.5° grid cells. Additionally, Thomas-Van Gundy et al. (2015) mapped percentages of pyrophilic
trees across the northeast U.S. Doing so, they characterized the Adirondack State Park as having
low pyrophilic occurrence, with most of the park falling within the 0 to 10% threshold, while the
areas including and in-between Great Sacandaga Lake and Lake George, as well as the area
between and around Au Sable Forks and Port Kent falling within ranges of 11 to 30%.
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Sources of Ignition. Among natural sources of ignition, lightning plays the predominant
role, with volcanic ignition trailing far behind, and contributions from gaseous and solar radiance
induced spontaneous combustion being negligible. Jenkins (1995) noted that in the Adirondack
mountains lightning strikes only account for a small percentage of fires, as his study conducted
on data from the years 1989-1995 show that only 6 fires over that time period resulted from
lightning, accounting for 2.5% of fires. This was attributed to lightning on the east coast
occurring mostly during periods of precipitation. Using data obtained from the New York
Department of Environmental Conservation (NYSDEC), Jenkins could attribute most fires to
anthropogenic factors, such as outdoor burning (29%), incendiary (24%), campfires (18%),
miscellaneous (16%), and smoking (8%) (Jenkins, 1995). Studies such as Reap (1986) and
Latham and Schlieter (1989) support this anthropogenic derivation, as well as the assertion that
negatively ionized (anions) cloud-to-ground lightning is slightly more effective at causing
ignition than positively ionized (cations) lightning. Studies like these used radar to track
lightning strikes, then plotted them on maps with wildfire ignitions. By doing so, researchers
have been able to establish that natural lightning ignitions are far more rare than anthropogenic
ignition, limited by fuel presence and moisture, which are constraining factors to ignition (Baker,
2009; Rorig & Ferguson, 1999). An exception to this is the coastal plains of the southeast, where
lightning density plays a significant role in ignition (Mitchener & Parker, 2005). Therefore, it
becomes apparent the human-nature interaction is paramount for fire ignition frequency.
Fusco et al. (2018) conducted a study on 175,222 large wildfires across the U.S. between
1992 and 2015. From this, they concluded that 92% of eastern wildfires were anthropogenic in
nature. Their research clearly depicts (through visualizations) high anthropogenic induced
ignition from the midsection of the country to the east coast, where both populations are higher,
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and elevations are lower. This reduces the likelihood of lightning induced ignition. From the
same data used in the Fusco et al. (2018) study, Short (2017) showed specifically what each
ignition point is from based on the Fire Program Analysis (FPA) system’s classification scheme.
Of the total 1,880,465 fire ignition data points, Debris Burning constituted the causation of
22.8%, followed closely by Miscellaneous causes at 17.22%, and Arson at 14.97%. Lightning,
the only natural classifier, falls just shy of this at 14.81%; the lowest contributing factor being
structure fires at 0.2%. Ultimately, the study shows that known anthropogenic ignition events
cause 76.33% of wildland fires, while unknown sources make-up the 8.86% difference between
these. If the unknown ignitions are attributed towards anthropogenic forces (statistically likely),
then the percentage of human instigated wildfire jumps to 85.19%, the actual number reported by
Short (2017).
The Wisconsin Department of Natural Resources (WDNR) further asserts that debris
burning is the leading cause of wildfire ignition in its state. Then, followed closely by equipment
use, campfires, fireworks, and an assortment of other causes (Wisconsin Department of Natural
Resources [WDNR], n.d.). The National Wildfire Coordinating Group (NWCG) breakdown
debris burning into both residential and industrial causes. Residential causes are pile, barrel, and
hazard clearing, and industrial causes are logging, land clearing, agricultural, forestry, right-ofway hazard reduction, or other controlled burning, of which control may be lost. The NWCG
claims, “Debris burn escapes are one of the leading specific causes of wildland fires” (National
Wildfire Coordinating Group [NWCG], 2016, p. 211). Furthermore, Balch et al. (2017) pointed
to geographic differences in the predominance of these more finite ignition categories, where
they noted that amongst all anthropogenic inducers, debris burning was more likely to be an
eastern U.S. instigator than one in the west. Meanwhile, Keeley and Syphard, (2018) found
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differences on a more localized scale during a California study, where debris burning tended to
dominate areas north and south for San Francisco, while arson dominated the northernmost
portion of the Sierra Nevada Mountains. Automobiles were the primary derivation of central and
coastal fires, equipment use ransacked southern California, and powerlines instigated fires down
the entire coastline of California to the U.S./Mexico border (Keeley & Syphard, 2018).
Miscellaneous sources of ignition include powerlines, fireworks, cutting, welding,
grinding, firearms, blasting, structures, glass refraction/magnification, spontaneous combustion,
and flare stack/pit fires, as well as any fires of unknown origin (NWCG, 2016, p. 245). Again,
these have geographic differences. According to a study conducted on U.S. Department of
Agriculture, Forest Service (USDAFS) data collected between 2000 and 2008 of a select few
western and eastern fire regions, these miscellaneous causes occur much more frequently in the
western U.S. than in the eastern U.S. Sitting at third in terms of western frequency, only behind
lightning and campfires, miscellaneous causes resulted in 841 in the west and 311 in the east.
However, proportionally these causes only accounted for 10% of the fires in the western regions,
while accounting for almost double (18%) in the eastern regions (Prestemon et al., 2013). By
understanding causation by type and location, inferences can be made about the likely cause of
fires in the risk areas in the Adirondacks. Therefore, not only can highest relative risk areas be
determined, but they can be further classified as high-risk areas for specific causal types.
Other studies suggest painting sources of ignition with a broader stroke. Both Ganteaume
et al. (2013) and Seijo et al. (2020) cite socioeconomic factors as contributors to some of the
direct sources of ignition. Those of a greater socioeconomic status are more likely to participate
in recreational activities that can ignite wildfires, while those of a lower socioeconomic standing
may be more likely to engage in accidental ignition inducing activities either through blue collar
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jobs and/or intentional activities like arson. Prestemon et al. (2013) also provide insight into
social changes and their relationship to wildfire. They produce a figure representing annual mean
counts of wildfires caused by smoking on national forests between 1971 and 2010 (p. 11). The
chart seems to indicate a direct temporal relationship between declining average annual fires and
declining smoking rates. Again, when looking into changes in criminality from 1972 to 2008, a
direct relationship can be seen between arson/incendiary fires and the All crime and Non-violent
crime indexes (p. 13). However, it may be important to note that violent crimes do not reflect this
same relationship, and it is apparent that non-violent crimes are more heavily influential in the
combined index, as the Non-violent and All crime indexes follow similar trajectories. Although
criminality and socioeconomics are not pertinent to the models run in this thesis’ work,
Arson/Incendiary fires are responsible for a moderate number (315) of wildfires in New York
between the years of 1992 and 2019 (New York State forest Ranger wildland fire reporting
Database [NYSFRWFRD], 2020; Short, 2017). Therefore, future research in this arena may be
beneficial.
Roles of variables and their importance to behavior and ignition. Equally important as
ignition sources are the variables that make certain areas more-or-less susceptible to ignition.
These variables may alter how fire behaves post-ignition, as well as likelihood of future ignition
in these same areas. Different variables also possess varying levels of importance when it comes
to ignition. The variables used to create the models, due to their potential relevance to this thesis,
are: elevation, distance to roadway, structure density around roadways, slope, aspect, land cover,
and solar radiance.
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Fig. 2: Variable Derivation Flow Diagram; Highlighted variables indicate those directly used in this thesis’ research

The two most important influencers for fire behavior are ignition and the flammability of
present biomass. Figure 2 shows the breakdown of these two factors. Through this visualization,
an understanding of variable choice can be discerned. Ignition is impacted by anthropogenic and
non-anthropogenic variables. To anthropogenically impact ignition, accessibility to at risk fuels
must be present. Access is a measure of roadway networks and structure density; structure
density being an indirect substitute for population density (Bar Massada et al., 2013). The
predominant method of non-anthropogenically induced ignition is lightning. Lightning can be
broken down into its causal factors, the need for atmospheric particulate matter for the adhesion
of water molecules, and convection. Convection can be sub-divided into temperature and
topography, as warm temperatures and topographic relief cause winds to lift higher into the
atmosphere. Temperature is a product of incoming solar radiation, aspect, and elevation.
Similarly, topographic structure is equated by its variety of elevations, slope aspects, and slope
steepness. The more intense the solar radiation, and the more southernly the aspect, the greater
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the daytime temperatures are likely to be. This, in conjunction with greater relief at higher
elevations, is more likely to lead to significant convective uplift and the potential for lightning
(AFW, n.d.; Baker, 2009; National Wildfire Coordinating Group, [NWCG], 2015).
Biomass flammability is dependent upon the connectivity of the fuel, the moisture level
of that fuel, and the propensity of the fuel to burn. The greater the fuel connectivity, the greater
the density of vegetation available for ignition. Fuel connectivity can be derived from a
topographic ruggedness index (TRI). TRI is the change in slope over a distance, measured by
taking a mean of the absolute difference in elevation between a pixel and its eight nearest
neighboring pixels (Young et al., 2017). Therefore, this can be broken down into slope and
elevation as its base products. Fuel moisture is directly related to the rate of PET the area
experiences. PET is derived by Thornthwaite’s (1948) equation, which uses a combination of
temperature and precipitation variables. Temperature and its evaporative capabilities are directly
related to elevation, aspect, and solar radiation. Elevation functions differently in different
geographies, but temperature is generally higher at lower elevations. Areas of higher solar
radiancy are likely to experience higher temperatures, and slopes with a southern aspect are
likely to have higher solar radiancy exposure, leading to higher temperatures. Higher
temperatures are not only likely to directly lead to higher PET rates and drier fuels, but through
increasing convective uplift along steep southern slopes, further drying of fuels is likely to occur.
Growth of pyrophobic and pyrophilic vegetation is controlled partially by climate and
topography, which can be used to develop land cover classifications. Climate can be broken
down into temperature and precipitation inputs, where annual and seasonal temperature and
moisture inputs impact the suitability of the landscape to specific vegetation. Furthermore,
elevation, slope, and slope aspect can lead to variations in soil moisture, soil depth, soil fertility,
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further impact temperature gradients, and create natural barriers to seed movement and
propagation. Ultimately, these variables can heavily influence land cover classifications, and
which pyrophilic and pyrophobic species are established (Baker, 2009; NWCG, 2015).
Bar Massada et al. (2013) used the Jackknife method of variable importance estimation
for wildfire ignition predictions in the Huron–Manistee National Forest of Michigan. “The
approach consists of removing predictor variables from the full model one at a time,” from here
model training occurs, followed by calculations of the area under the receiver-operating curve
(AUC) (Bar Massada et al., 2013, p. 177). “The difference between the full- and partial-model
(without the variable) AUC indicates the contribution of each variable to the model” (Bar
Massada et al., 2013, p. 177). Over the course of three models, the method determined that
elevation was often the most important variable affecting wildfire ignition, with structure density
within 1-km of a roadway, and 1-km roadway buffers falling just behind elevation. Another
study, one of fire probability in the southcentral U.S., concluded that all their models showed the
greatest likely increase in fires to be in areas at higher elevations (Stambaugh et al., 2018). These
were based on calculating percentage changes in fire probability (CFP) from an established
baseline. Additionally, Bendix (2002) assert that elevation is likely to play a pivotal role in
lightning induced fires, as there is a greater likelihood of cloud-to-ground lightning.
Another reason higher elevations may be more likely to experience ignition is due to the
moisture availability to fuels typically being less than it is at lower elevations (United States
National Park Service [USNPS], n.d.). This is the case for the Adirondacks, except for the
uppermost peaks containing surface level Alpine vegetation, which is typically moister than the
surrounding high elevations (Carlson et al., 2011; APA, n.d., para. 22). Vasilakos et al. (2009)
create a Fire Hazard Index (FHI) using an artificial neural network (ANN) response to
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understand fire ignition risks presented by topographic variables. Their model shows that at low
elevations there is an acceleration of fire risk (represented by partial derivatives) as elevation
increases. However, as elevation increases it eventually hits a plateau where fire risk becomes
constant, becoming alternatively dependent upon anomalous climate activity. A possible
explanation for which is that warmer temperatures persist at lower elevations, allowing for
higher fuel moisture to evaporate more readily, but at a certain point as altitude increases fuel
moisture decreases, independent of temperature due to cooler temperatures at these higher
elevations (Hayes, 1942; Vasilakos et al., 2009). At this point, fuel moisture removal is more likely
to be driven by cool dry winds and can be more variable (Baker, 2009).
Calviño-Cancela et al. (2017) studied wildfire ignition in Galicia, Spain, using
topographic variables in conjunction with land cover types, as well as variables representative of
whether ignitions fell within or outside of wildland urban interface (WUI). The study found that
fire ignition risk was greater at lower elevations, however this seemed to be dependent upon
accessibility, as the presence of roads and structures increased, the importance of elevation
lessened, as anthropogenic activities became important sources of ignition. Meanwhile, in natural
forests higher elevations played a pivotal role in natural ignitions caused by lightning.
Elevation’s importance is reinforced by Vázquez and Moreno’s (2001) study in Sierra de Gredos,
Spain, where lower elevations that contained burnable vegetation and possessed greater
accessibility experienced shorter fire return intervals (FRI). Studies such as Ziegler (2004) and
Ziegler (2007), Carlson et al. (2011), Clement (2016), and Grochocki et al. (2019), as well as
information provided by the Adirondack Ecological Center (ESFOC, n.d.), all reiterate the
importance of elevation to the establishment of specific kinds of vegetation. These studies show
a range of conifer and deciduous distribution throughout most elevations within the state park.
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Additionally, along with Thomas-Van Gundy et al.’ (2015) assertion of low frequency of
pyrophilic vegetation, could mean elevations’ relation to moisture availability may be more
important to the region’s fire regimes than its relationship to species distribution. Once ignition
occurs however, elevation can have varying effects, as the highest elevations may experience
lower oxygen levels, as well as lower density fuel exposure, both of which can impede the
further ignition and spread of fire (Baker, 2009). But higher elevations in the Adirondacks
contain less moisture, which may benefit ignition and spread (ESFOC, n.d.).
Another topographic variable important to ignition and fire spread is slope. Steep slopes
tend to have lower ignition rates, as slopes above 11% typically experience less intense solar
radiance (Noorollahi et al., 2016). The less intense the solar radiance, the less evapotranspiration.
That being said, once ignition occurs, steeper slopes experience accelerated fire spread, as
radiant heat dries upslope vegetation more quickly, facilitating higher spread rates (Baker, 2009).
Linn et al. (2010) supports this assertion of upslope spread acceleration by adding that upslope
fire receives higher levels of ventilation that bring more oxygen to facilitate its continued
combustion. Furthermore, that the upslope movement of fire allows for more confinement of
gaseous byproducts that aid in the absorption of moisture from upslope vegetation, as well as
combustion once condensed and heated enough leading to rapid upslope acceleration. Linn et al.
(2010) conducted a study running six different FIRETEC models on level and upslope surfaces
using three different fuel beds for each. The study’s purpose was to determine if slope had
varying impacts on wildfire ignition and post-ignition behavior depending on the fuel bed
composition. Ultimately, the study found that slope caused fires on grass and chaparral fuel beds
to accelerate less rapidly than those on pine forest fuel beds. Slope directly impacts fire spread
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direction and rate, the former being evident in spread risk models. Slope goes hand-in-hand with
another variable, aspect.
Aspect is the azimuth toward which a slope is facing. The angular positioning of a slope
can control how much solar radiance it is exposed to throughout the day and year. Slopes
positioned facing south and southwest directions will typically experience solar radiance for a
longer duration both annually and diurnally, as well as with more intensity (Baker, 2009). Again,
by increasing the exposure to solar radiance surface fuels become more likely to experience high
rates of evapotranspiration, leading to drier fuels. Support for the role of aspect in fire ignition is
provided by Abadir et al. (2019), as they conducted a fire tree ring study of fire tolerant red pine
trees in the Adirondack State Park. They found fire scarred red pine only on the southward
facing slopes, meaning fire was most likely to occur here, and support future generations of red
pine (whose reproduction is favored by fire). The Calviño-Cancela et al. (2017) study on the
interacting ignition factors of topography, vegetation, anthropogenic activities, and WUIs
showed that southern aspects faced higher ignition rates outside of these liminal spaces.
However, once inside these thresholds of urban and wildland, anthropogenic factors tended to
contribute far more heavily to wildfire ignition. Of course, this varies geographically and with
land cover type, as there is typically a lower ignition risk in north facing slopes of temperate
forests (Carmo et al., 2011; González et al., 2005; Mermoz et al., 2005).
Land cover type is another important topographic variable, as different types of
vegetation hold different levels of moisture, have differing physical characteristics, and grow in
different densities that can alter their ignition likelihood and fire behavior post-ignition. Bar
Massada et al. (2013) assert that differences in vegetative land cover, although surely important,
have a minimal impact on the ability to predict areas of ignition. However, there are others who
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have produced studies that claim vegetative cover is important for determining fire ignition risk,
at least in certain climates (Bajocco & Ricotta, 2008; Carmo et al., 2011; Cumming, 2001; Nunes
et al., 2005). Calviño-Cancela et al.’s (2016) study in northwest Spain depicts native forests as
having the lowest ignition risk, measured by rate of deviance from the expected ignition
occurrence, resulting in a range of 16-25% less ignition events than expected. Meanwhile, mixed
forest plantations shared the highest positive deviance rate from expected ignition occurrence
with shrublands at 52%. Once ignited, these land cover types played a similar role in fire spread
and total area burned, although significant differences do appear between those occurring in
unurbanized areas and those occurring at the WUI.
Refining classifications to less broad categories of land cover helps to further understand
the role different types of vegetation play in fire ignition and spread. Parisien et al. (2011) use
boosted regression trees (BRTs) to study the contributing factors towards ignition and area
burned in the Canadian boreal forest. They break vegetation down into coniferous, and mixeddeciduous forests. On one hand they show that coniferous vegetation is more likely to burn than
deciduous-mixed forest vegetation. However, in the Canadian boreal forest coniferous vegetation
is relegated primarily to wetlands, while deciduous species tend to occupy the drier, more
ignition prone uplands (Parisien et al., 2011). According to Poulos (2015), the northeast U.S.
contains an array of both more flammable and fire dependent (pyrogenic) vegetation, as well as
species that are more sensitive to fire and independent of fire for procreation (pyrophobic). The
predominant pyrogenic species being oak, pine-oak, jack pine, red pine, and spruce-fir, and a
conglomerate of species within shrublands, heathlands, and grasslands. While the predominant
pyrophobic species are “beech, maple, cedar, and hemlock” (Poulos, 2015, p. 7). The most
suitable of these to ignition are found to be in the upper elevations, which may play into the
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importance of elevation as an ignition factor (Poulos, 2015). Climate studies conducted by
Iverson et al. (2008) suggest a shift towards more drought tolerant vegetation, where climate
extremes are likely to lead to the propagation of ignition events in the northeast. Furthermore, if
prescribed and/or wildfires (with more climate extremes) become both more frequent and more
intense, regeneration of fire tolerant species such as, oak and hickory, will lead to a more fire
prone landscape on the east coast over time (Iverson et al., 2008; Iverson et al., 2009).
Other studies used data derived from the National Land Cover Database (NLCD) to
assess land cover types and their varying propensity for fire. Donovan et al. (2020) use NLCD
data to study wildfire frequency and burn area across the great plains. Doing so, they analyzed
what percentage of broad land cover types covered their study area. The total percentage of area
burned was composed from this, separated by each land cover type. After which they took the
difference between these two sets of values to demonstrate the overall predisposition of each
land cover type to ignition and sustained combustion. Not only does this data show us that
grassland and wooded forestland are likely to experience burning, but it also depicts these
vegetation types as being likely to experience more frequent rates of ignition than other types of
vegetation and land cover. Hanberry (2020) used NLCD data in three different models to study
the impacts of land cover on fire ignition and burn area in the U.S. Independent of the model
used and the geographic location, land areas covered in herbaceous wetlands or grasslands, as
well as evergreens, experienced the most frequent ignition, including ignitions that lead to rapid
spread and large burn areas. Agricultural and developed land cover experienced minimal ignition
(Hanberry, 2020). These propensities for burning are used in the designation of land cover type
ignition risk for this thesis’ suitability models.
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Other important factors to ignition and spread are climatic variables. For example, solar
radiance, which influences atmospheric and surface temperatures, ultimately influences potential
evapotranspiration, precipitation patterns, and overall fuel moisture (Baker, 2009). Kreye et al.
(2020) mimicked the effect of solar radiance on surface fuels by using radiative heat transfer on
various litter fuels in a lab setting. In their experiment oven dried fuels were saturated, then
allowed to dry at room temperature, or under infrared lights. The radiant energy caused increases
in temperature at the surface of the litter leading to evaporation of moisture, resulting in
heightening levels of flammability over the time of the experiment. Rushton (2018) conducted a
study on the capabilities of solar radiation to directly cause ignition through various household
mediums. The study showed that mediums made of glass, either highly refractive or reflective,
resulted in high heat fluxes that were able to concentrate the incoming solar radiance. After
passing through these mediums the radiant energy became more effective at drying surface fuels
and being able to directly cause combustion. An indirect conclusion of the study is that carrying
of household materials such as these can lead to ignition of wildfires (Rushton, 2018). Another
study conducted by Helm et al. (2016) compared cumulative net radiation to cumulative potential
evapotranspiration (PET) from January 2014 to June 2015. The resultant graphs clearly show
what appears to be substantive correlation between net solar radiation and potential
evapotranspiration. Therefore, solar radiance has a direct relationship with fuel bed moisture and
must play a pivotal role in the flammability of vegetation. King et al. (2015) developed an
algorithm that links solar radiation to PET, as well as temperature and atmospheric water vapor
pressure. Their study used this as a method to model PET because they assert that traditional
methods place too much importance on temperature, which can result in biases of model
projections that are overly reliant on greenhouse gas warming, without enough consideration of
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incoming solar radiance. The model produced suggested net solar radiance is a more influential
part of PET and ignition (King et al., 2015). Therefore, solar radiance may be a serviceable
substitute for temperature and fuel moisture variables when running ignition and spread risk
models.
Another important factor in fuel PET, ignition susceptibility, and spread is wind. Dry
winds not only facilitate absorption of moisture from surface fuels, but can throw embers from
existent fires leading to fire spread, as well as provide fires with increased oxygen loads (Baker,
2009). Bendix and Hartnett (2018) study the time between lightning strikes and Santa Ana
Winds (SAW), and ignition occurrence in southern California between 1986 and 2010. The study
shows that overlap between SAW activity and lightning activity is exceptionally rare, as there is
a median timespan of 52 days between lightning and SAW occurrence. Their graph (p. 4) depicts
the lag between lightning and SAW, density of lightning strikes, and average monthly
precipitation at their Mt. Wilson study site. This in conjunction with their graph (p. 5) that
depicts average monthly area burned and average number of SAW days per month at this same
site, a pattern emerges in the Fall months between decreasing lightning strike density, increasing
SAW days, and increasing area burned. With data collected from the study and supported
through these graphic visualizations, the researchers assert that anthropogenic factors must be the
leading instigators of ignition events in the Fall due to the decreasing density of lightning strikes.
Furthermore, the results highlight the impact that strong SAWs play into ignition through their
ability dry fuels and instigate spread (Bendix & Hartnett, 2018). Babak et al. (2009) use
sophisticated mathematical models to show that strong high-speed winds (such as SAW, or other
Foehn winds) can supply large quantities of oxygen to fires once ignited, which leads to high
rates of combustion and indiscriminately increasing both forward and backward fire movement.
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According to the NWCG (2015), mountains can funnel both large scale synoptic winds and
mesoscale winds up-and-down slopes and into valleys, leading to higher rates of PET in these
narrow canyons. Once fire ignition occurs the wind can lead to spot fires in separate locations by
chucking embers, as well as large blowups, where fire spread increases rapidly in the instance air
becomes compressed and concentrated, or if there is convective uplift, often instigated by the
heat of the fire itself (NWCG, 2015).
Other important factors that impact wildfire ignition and behavior are anthropogenic.
These being structure density within 1-km of a roadway and 1-km roadway buffers, as
previously mentioned from Bar Massada et al. (2013). These variables focus on the interaction
between the natural and built environment, a zone known as the WUI, and their role in the
instigation of fire ignition. Distance to the nearest roads’ importance is explained due to it being
a “measure of accessibility” (Bar Massada et al., 2013, p. 180). By this the researchers are
claiming that roadways provide access to the natural environment for people, and that access is
applicable within a defined distance to the roadway. By making once remote areas more
accessible to people, they thereby become more accessible to their ignition inducing activity.
Structural density is a measure of population density which means anthropogenic ignition is
more likely, as well as a measure of structures that can serve as fuel, absent a more natural
vegetative land cover. Sadasivuni et al. (2013) conducted a study in southeastern Mississippi
comparing outcomes from a gravity model designed to assess wildfire potential from human
population density and vegetative land cover with road density models, ultimately comparing
these predictions to the observed wildfire data between 1999-2003. The study showed that
wildfire ignition climaxed at moderate road densities and distance from roads, where any
increase or decrease in road density and distance ultimately altered human behavioral patterns to
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become less ignition inducing. Liu et al. (2015) use a combination of road density and housing
density to model wildfire risk due to the expansion of WUI in the Colorado Front Range
Corridor. In sum, the researchers conclude that both climate based, and anthropogenic based
models present accurate predictions of future wildfire vulnerability. However, combining these
into a singular model provides a more accurate depiction than those run separately. Furthermore,
the statistical analysis showed that distance to roadways, in conjunction with distance to urban
land cover, aspect, slope, and elevation in explaining ~25% of the model variance. Ultimately
their research predicts that expansion of the WUI will increase wildfire ignition and spread, and
drastically so in the presence of fire catalyzing climate change (Liu et al., 2015).
Whitman et al. (2013) highlight the importance of structures and roads close to each
other, additionally that those structures and roads at the boundary of the WUI are at greater risk
of fire ignition and damage. As the periphery of urban development and natural land cover blend,
fire ignition risk and spread increases as there are both more sources of potential ignition, as well
as more fuel to be ignited. Radeloff et al. (2018) conducted a study on the growth of the WUI
and impact on wildfire ignition risk. During the course of their study, they found a 62% increase
in housing units falling within fire perimeters over a 25-year period. These are houses being built
in previously unburned and burned landscapes, which poses increases in ignition. The increase in
risk is not only due to increasing sources of ignition, but additionally due to the heightened
susceptibility of young primary and secondary growth vegetation to re-ignition (Radeloff et al.,
2018). Therefore, it seems necessary to consider WUI in ignition risk modelling, as expansion of
this interface often results in a greater prevalence of anthropogenic ignition events. Abadir et al.
(2019) supports the relevancy of these anthropogenic variables to the Adirondack State Park,

27

with their acknowledgement of lightning in the park being rare, even more so in the absence of
precipitation.
Fire Modelling. Bar Massada et al. (2013) sought to use several models to approach
making accurate predictions of wildfire ignition points in the Huron–Manistee National Forest.
They used three different model types, generalized linear models (GLMs), random forests (RF),
and Maxent. Independent of model type, elevation typically ranked at (or near) the top in terms
of importance to predictive accuracy and model outcome, followed by distance to nearest road
and structure density. Whereas land cover classifications fell towards the bottom of this spectrum
of importance. All the models resulted in similar performance, although RF and Maxent resulted
in slightly superior performances to the GLM approach. Although all models resulted in similar
predictive capabilities. The researchers’ conclusions are that wildfire ignition studies may prove
more fruitful by using multiple modelling methods as they did; instead of picking one model, all
models can be considered together representing a range of possibilities. Random forests play a
pivotal role in the accuracy assessment of this study’s ignition models (Bar Massada et al.,
2013).
Liu et al. (2015) assessed wildfire risk in the Colorado Front Range in relation to WUI by
projecting the risk within the WUI between 2005-2050 to understand the influence that the WUI
exerts on wildfire susceptibility. For the study researchers used topography, anthropogenic
influences, and Land Cover/Land Use (LCLU) to determine WUI. First, they modelled existing
WUI with WUI lost to development, and projected future WUI between 2010-2050. Then, they
modelled annual WUI area burned under different scenarios. When only fire regime change was
incorporated into the model (SWCF), there was a significant increase in average annual WUI
burn by almost 250% by 2050. When WUI expansion was incorporated into the model (CWSF)
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but burn extent was held constant there was 152% increase in mean annual WUI burn. When
both fire regime change and WUI expansion were incorporated into the model (CWCF)
simultaneously, mean average annual burn area jumped by 456%. The authors then constructed
an ANOVA table to explain the influence over the model, concluding that both fire regime
change and WUI change contributed most significantly towards wildfire risk. However, fire
regime change contributed most heavily with a variation explanation percentage of 80.06%.
Additionally, the research showed that the projected new WUI was likely to experience higher
burn rates by expanding development into areas with greater elevation and slope, likely to
increase the spread rate of wildfire after ignition (Liu et al., 2015). Therefore, the model asserts
that as WUI expands wildfire ignitions frequency, burn area, and rate will also increase.
My study takes a different approach, with the use of suitability modeling. These models
are most often used for habitat modelling, and site assessment for placing things such as solar
panels (Hassaan et al., 2020; Skov et al., 2008). This is a seemingly new approach to wildfire
modelling, using ArcGIS Pro software’s Suitability Modelling tool. It is a model that integrates
multiple spatial parameters, allows the user to weight variables and their inter-variable features,
and ultimately provides inter-variable suitability rankings based on these weights. Once this is
done, the variables and their associated features are overlayed, with values tallied between the
features that lead to a ranked suitability product. The developers refer to the tool as “a nonlinear,
iterative process” that “provides analytical feedback at each stage of the suitability modeling
process and allows seamless back and forth movement between each stage of the model
development” (Environmental Systems Research Institute [ESRI], n.d., para.5). Using such an
approach allows me to apply weight criteria based on the literature examined to each variable
and their associated features, establishing my study as an early application of this tool.
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Conclusion/Recommendations. It is clear that there are many ways to approach the
modelling of wildfire ignition and post-ignition behavior. No two studies seem to take the same
approach. Considering factors that directly induce ignition, it is evident that there are many
causes, ranging from natural ignition via lightning, to anthropogenic causes, such as campfires,
fireworks, arson, etc. It has also been evidenced that anthropogenic causes are the predominant
methods of ignition. Additionally, it is noted that differences in socioeconomic status, and
culture can impact where and when ignition occurs. Not only are there a variety of sources of
ignition, but there appears to be tremendous geographic variance in what predominates. Because
of this, it is understandably difficult to take a generalized approach to wildfire ignition
modelling.
When looking at some of the indirect variables that contribute towards the ignition and
behavioral influence of wildfire, the prospect of projection becomes muddled even further. There
are a multitude of variables to consider, such as slope, aspect, elevation, temperature,
precipitation, solar radiation, wind, land cover, etc. Not only do these variables differ from one
another, but may differ from themselves depending on the context in which they are applied. An
example of the former, some studies use annual precipitation as a parameter, but others may use
monthly averages, or in the case of Young et al. (2017), precipitation is used in conjunction with
temperature to develop a representation of annual PET values, which intend to account for the
vegetative moisture held by surface fuels after evapotranspiration. An example of the latter is
from Sánchez et al. (2018), where fire ignition probability is modelled for a single day, changing
climatic variables to weather. The relative influence of variables and their ability to predict
where ignition is most likely to occur is also up for debate.
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Some studies, such as Bar Massada et al. (2013), point to elevation being a key factor
according to their statistical models in fire susceptibility, while others such as Calviño-Cancela et
al. (2017) find that lower elevations are more susceptible. However, this is further complicated
by the WUI, where many of these lower elevation ignitions occur. Overall, two trends do
emerge, one being that the majority of wildfire ignition is inherently tied to human activity. A
multitude of the studies discussed here detail the WUI, either directly or indirectly. The other
trend being that assessing the influence of vegetation has proven quite difficult. Although
multiple studies acknowledge its influence, the ability to truly get an accurate understanding of
vegetative land cover is lacking and can lead to inaccuracies being introduced into the models.
That being said, it is clear that there is a direct relationship between elevation, slope, and the
species present within the Adirondack State Park.
When it comes to the design and construction of actual modelling approaches, there are
many paths to choose from. Models may be constructed over different expanses of time, across
different geographic areas, use different variables, and use different approaches to modeling,
such as GLMs, RFs, Maxent, and BRTs, as well as different pre-constructed models of which to
base climate data upon (Calviño-Cancela et al., 2017; Young et al., 2017). It also appears
important to understand that there are limitations to every model. No model can be completely
accurate, they all contain some amount of uncertainty, and they all can be improved upon.
Multiple model products can also be used with one another to give a better purview into the story
the data is trying to tell.
Modelling should include a substantive number of variables, which should be considered
from multiple perspectives to understand how each variable can be applied best to the study at
hand. Variables should be weighted relative to their importance to provide a result that adheres to
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the precedents set. It also appears clear that at the outset of a project that distinctions should be
made for modelling wildfire in wildland, versus at the WUI. Lastly, multiple models should be
used within the same project to derive a range of perspective and possible scenarios, rather than
giving a singular output. This gathered and reviewed knowledge is used to construct several
suitability models in an attempt to address the objectives and questions outlined in Chapter 1.
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CHAPTER 3
Methodology:

Fig 3. Flow diagram giving a broad overview of the study’s methodology.

Figure 3 provides a brief overview of the methodological process, to be gone over at
greater length henceforth. The study’s dependent variables are area deemed suitable to ignition,
and post-ignition spread. The independent variables consist of both anthropogenic and nonanthropogenic components, of which the latter can be divided into topographic, land cover, and
climatic variables. The focus of this study is on determining precise areas of land that may be
more susceptible to ignition, instead of the broad and overly generalized fire danger and
protection maps such as the ones designed by the New York State Department of Environmental
Conservation (NYSDEC), found here: Wildfires - NYS Dept. of Environmental Conservation.
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Meanwhile, the study seeks to refrain from attempting to make predictions on where specific
ignitions may occur, as to avoid giving the erroneous perception that fire mitigation should be
constrained to such finite points. Again, the focus is on understanding which variables to use and
why, how their application to specific models affects the results, and determining which models
are best, if any.
Anthropogenic Variables. The anthropogenic independent variables used are roadway
buffers of 1-kilometer (km) and structure density within the 1-km road buffer. The nonanthropogenic independent variables are land cover, aspect, elevation, a Topographic
Ruggedness Index (TRI), and total solar radiance exposure over a one-year period. Because
humans are largely responsible for wildfire ignition, it has been determined that areas that fall
within 1-km of a roadway are most likely to make contact with people, and therefore are more
susceptible to ignition (Bar Massada et al., 2013). Additionally, the greater the density of
structures that also fall within this 1-km buffer, the higher the likelihood of ignition inducing
activity (Bar Massada et al., 2013).
Non-Anthropogenic Variables. Landcover data is supplied by the National Land Cover
Database (NLCD) and can be an important variable in determining areas most suitable to
ignition. Different types of vegetation are more prone to burning, and areas that are inundated
with water or have more sparse fuel supplies are less likely to promote such ignition (Kolden &
Abatzoglou, 2012). Aspect is the direction to which a slope is facing. If a slope is positioned to
face a more southwest direction, it is more likely to experience a larger amount of solar radiance,
which in-turn promotes more evapotranspiration (Calviño-Cancela et al., 2017). Thus, leading to
drier surface fuels that may be more susceptible to ignition. This is compounded by convective
upslope winds resultant from higher temperatures on southern slopes, resulting further drying
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(Baker, 2009). Elevation is an important factor because higher elevations tend to experience
more intense (less diluted) solar radiance, as well as strong winds (Calviño-Cancela et al., 2017).
Furthermore, higher elevations are more exposed to natural ignition through an increased
frequency in cloud-to-ground lightning (Bendix, 2002). The effects of these winds and exposure
to solar radiance compound upon each other when causing increases in evapotranspiration at
higher elevations (Pyne et al., 1996). A TRI is a method of representing rigidity of a surface, by
calculating the change in the slope across a surface and breaking the resultant values into classes
(Young et al., 2017). According to Young et al. (2017), “Topographic ruggedness influences fuel
continuity and the density of potential fire breaks on the landscape,” and therefore areas
considered to be more rugged have a “lower probability” of burning (p.4). Finally, there is total
solar radiance exposure over the course of one year. As previously specified, higher quantities of
solar radiancy lead to higher rates of evapotranspiration because of the higher temperatures that
the prolonged surface exposure instigates (Carreker, 1963). Ergo, areas with high solar radiance
are more susceptible to ignition. The variables selected for testing in the models are summarized
in Appendix Table 3.
Technical Tools Used. The decision was made to use the Environmental Systems
Research Institute’s (ESRI’s) ArcGIS Pro geospatial analysis software as the primary tool for the
research conducted. This was mostly due to experience with the software and its powerful
capabilities to contain and manipulate spatial data. Additionally, QGIS (Quantum), another
geospatial analysis software, was used to bridge some of the gaps within the ArcGIS Pro
software’s capabilities. In ArcGIS Pro the Suitability Modeler tool was used, as referred to
previously. This tool integrates a variety of variables and their associated features, followed by
applying weights to these variables and features. The tool then overlays these variables against
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each other, deriving ranked areas of suitability. Additionally, a random forest model is run; this
tool seeks to take observed patterns of occurrence and make predictions based on associated
variables. This is used to assess variable importance and compare outputs to suitability model
accuracy.
DEM Data. First, Adirondack State Park boundary data was obtained from the New York
State Adirondack Park Agency (NYSAPA). This boundary would later be used to fit all
additional data to the study area. Following this, DEM data was downloaded from the United
States Geological Survey’s (USGS’s) National Map Viewer at 30 X 30-meter resolution. These
DEM data consisted of several separate shapefiles that were stitched the together into one data
layer. From here, the data were clipped to the Adirondack State Park study area (Figure 4).
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Fig. 4: DEM of the ASP study area.

This DEM shows the range of elevation values across the study area and would be used to
construct several of the input variables for the suitability models.
Ignition Model Variables. The variables chosen for the model were ultimately a
Topographic Ruggedness Index (TRI), elevation, total solar radiance exposure over the course of
a 1-year period (2020), aspect, land cover, 1-km road buffers, and structure density within these
1-km road buffers. The TRI was targeted as a substitute for slope, as Riley et al. (1999) and
Young et al. (2017) show that it gives a more complete view of topographic rigidity, as well as
preserves vegetative connectivity. Elevation was chosen from the literature reviewed reflecting
its importance to ignition at both high and low levels. Solar radiance exposure over the course of
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a 1-year period was used as a substitute for other climatic variables such as temperature,
precipitation, and PET. This was due to solar radiance’s ability to account for these three
variables indirectly, while the variables themselves are reliant upon a multitude of other factors,
including each other. By using solar radiancy, one can assume that areas of highest concentrated
annual exposure will most likely experience higher temperatures, and therefore are likely to
experience greater rates of evapotranspiration and retain less moisture. Additionally, the
available Climate Research Unit (CRU) data from which the temperature, precipitation, and PET
data could be derived from is overly broad (Harris et al., 2014). This data comes prepared at 0.5°
grid cells, which cover large swaths of area and would need to be downscaled to be applied more
aptly at a local level. However, downscaling can lead to a reduction in data quality (Fowler et al.,
2007). Furthermore, many of the stations from which these data are synthesized are not based in
the Adirondack State Park, some are not even in NYS. Aspect is chosen for its relation to sun
angle and solar radiance exposure, as areas with southernly aspect are bound to face higher rates
of evapotranspiration. Land cover data is used to assess which areas are most-likely to burn
based on the cover type, although accuracy of cover classification and impact are up for debate,
it is still a valuable asset in assessing where fire ignition may be most-likely. Both 1-km road
buffers and structure density within 1-km of a roadway were chosen due to the literature
reviewed providing a clear picture of the importance to which the WUI plays in potential ignition
events, as well as their high influence ratings from studies like Bar Massada et al., (2013).
Topographic Ruggedness Index. The TRI was created in the QGIS software, using a tool
scripted in code based on Riley et al.’ (1999) original formulation. The DEM was used as input
data from which the calculation could be derived. Figure 4 shows the resulting product, showing
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change in slope over absolute average elevation values of each cell’s 8 nearest neighboring cells
(measured in meters) across the surface.

Fig. 5: Topographic Ruggedness Index of ASP study area.

From here, the data was incorporated into ArcGIS Pro. Riley et al.’ (1999) methods were used to
assort the TRI into reclassified groups of ruggedness. Those groups being: Level, Nearly Level,
Slightly Rugged, Intermediately Rugged, Moderately Rugged, Highly Rugged, and Extremely
Rugged (Figure 6).
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Fig. 6: Reclassified Topographic Ruggedness Index of ASP study area.

Figure 6 shows that the more rugged topography is more densely located in the central
northeastern highlands, while ruggedness dissipates towards the periphery of the Adirondack
State Park. To further simplify the final TRI product for model use, the raster calculator was used
to reclassify and condense the Nearly Level and Level areas into one grouping (Level), and the
rest into another (Rugged) using a conditional statement. From here, hydrography and river area
polygon shapefiles were downloaded from the NYSAPA. These were clipped to the Adirondack
State Park boundary, then the Erase tool was used to remove these areas from the simplified TRI,
as areas inundated with water are not suitable to ignition. This step was repeated for all feature
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layers to remove areas without the possibility of ignition. The final TRI product before suitability
analysis is represented by Figure 7.

Fig. 7: Simplified reclassed Topographic Ruggedness Index of ASP study area
to be incorporated into suitability model.

Figure 7 provides a clear contrast between landscape that can be considered level, versus that
considered more rugged.
Elevation. Next, the elevation values of the DEM were classified using the natural jenks
method, and divided into five separate classes based on their range of values between the
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maximum and minimum. From here, they were reclassified into areas of Low, Intermediate,
Moderately High, High, and Highest elevation. Finally, the hydrographic areas were removed
using the established methods, resulting in Figure 8, to be input into the suitability models.

Fig. 8: Reclassed DEM of the ASP study area to be incorporated into suitability models.

Figure 8 reveals that the areas of highest elevation are typically concentrated towards the central
portion of the Adirondack State Park, while gradually becoming more level towards the
periphery.
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Solar Radiancy. To acquire the solar radiance data for 2020, the Area Solar Radiation
tool was used. This tool uses latitude, timespan for test (January 1st, 2020 – December 31st,
2020), interval size to be collected throughout the timespan (daily at 1-hour intervals), and a host
of other optional parameters. These being a latitudinal position of 44° N, a default of sky
size/resolution of 200, Z factor of 1, 32 azimuthal calculation directions (suitable for complex
topography), 8 zenith and azimuth divisions with a uniform overcast sky, and diffuse proportion
and transmittivity values of 0.3 and 0.5, respectively. The DEM is input, and the output is the
total watt-hours/m2 that the area is exposed to over this time, from which the data were converted
to kW-hours/m2 in order to make the numerical results more user-friendly. This was done using
the raster calculator, where the original output was divided by 1000 to create more concise units.
Figure 8 represents the results.
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Fig. 9: Total annual solar
radiance exposure for the
year 2020 across the ASP
study area.

Figure 9 depicts the areas of highest solar radiance as concentrated in the central portion of the
Adirondack State Park, ranging from north to south. Furthermore, the western portion of the
study area appears to experience more moderate to high levels of solar radiance, while the
eastern bounds levels of solar radiance is more intermediate. Next, using the raster calculator tool
two separate products were derived to be used in separate models. The first depicted locations
that meet the threshold of the 75th percentile or higher of solar radiance exposure versus all areas
that fall below this. The second showed locations at the 90th percentile or higher of solar radiance
exposure versus all areas that fall below this. This was done because there was no established
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precedent on how to use solar radiance for such a study, therefore, the model products of each
can be compared and contrasted afterwards to weigh relative influence. Once this was done, the
hydrography was once again removed from the study area. The products are seen in Figure 10.

Fig. 10:
Split at 75th
percentile
annual
solar
radiance
values
(Left); Split
at 90th
percentile
annual
solar
radiance
values
(right).
Both
incorporate
d into
suitability
Slope Aspect. The Aspect tool from the spatial analyst toolbox was used to calculate
the
models.

slope aspect across the study area. The tool classifies slope aspect into the categories of Flat,
North, Northeast, East, Southeast, South, Southwest, West, Northwest, and North.
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Fig. 11: Slope aspect across the ASP study
area.

The raster calculator tool was used to reclassify aspects into two distinct categories, those with
values between 112.5° and 247.5°, and values either below 112.5° or above 247.5°. This allowed
for the distinction between South facing and non-south facing aspect. The formula used was,
Con(“AspectDEM”,0,1, “value >= 122.5” and “value<=247.5”), which resulted in a product that
classified areas into southern and non-southern aspect. Once completed, areas of hydrography
were once again removed.
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Fig. 12: Aspect reclassed into southernly vs non-southernly facing slopes, to be used in suitability models.

Figure 12 reveals that southernly slopes appear to be more predominant from the central portion
of the Adirondack State Park through the eastern portion than the western side.
Land Cover Classifications. Land cover data was acquired from the NLCD 2016 products
by the USGS (Dewitz, 2019). The area was clipped to the Adirondack State Park boundary, then
the land classes were assigned according to the NLCD classification schema developed by the
Multi-Resolution Land Characteristics (MRLC) Consortium.
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Fig. 13: National Land Cover Database land cover classifications across to ASP study area to be incorporated
into the suitability models.

Figure 13 shows that the largest concentrations of Evergreen Forest appear in the northeast
highlands, while Deciduous Forest comprises the majority of the Adirondack State Park. Other
land cover classifications appear to be minimal, with Hay/Pasture appearing to follow Deciduous
and Evergreen land cover and concentrated along the northeast corner of the study area
boundary.
Street Buffers. After this, street data were acquired using the NYS government’s GIS data
repository. Specifically, these were data created by the National Geospatial Data Asset (NGDA)
and last updated in July of 2018. These streets were then clipped to the Adirondack State Park
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boundary. Then, the Buffer analysis tool was used to construct a 1-km perimeter around each
roadway segment. These can be seen in Figure 14, overlaying ESRI’s default topographic
basemap of the study area.

Fig. 14: Roadways across ASP study area (left); 1-km roadway buffers across ASP study area to be used in
suitability models (right).

Figure 14 shows that the central highlands lack densely configured road networks, while they
appear to be more densely constructed near bodies of water and communities, like Lake George
and Lake Placid.
Structure Density. Structure data were also gathered from the NGDA located within the
NYS GIS data repository. These data were gathered by county, merged together into one feature
class using the merge tool, and then clipped to the study area boundary. After this, only
structures that intersect the 1-km road buffer are kept.
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Fig. 15: Structures within 1-km of a roadway throughout the study area.

According to figure 15, it is evident that structure location is sparse in the central highlands,
while being more prominent in the southeastern and northeastern sections of the Adirondack
State Park study boundary. Then, these points were run through the spatial analyst Point Density
tool, which calculates the density of these points within the 1-km buffer by measuring clustering
of the nearest points within the neighborhood of each individual point. The resultant product
reveals the number of structures per km2.
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Structures Per km2

Lake George

Fig. 16: Density of structures within 1-km of roadway (measured in
structures per km2).

The point density map depicts the greatest clustering of structures near the south eastern portion
of the study area (south end of Lake George), as well as the north central portion of the study
area (Saranac Lake and Lake Placid). Understandably so, these are also some of the more
urbanized locations within the Adirondack State Park. After this, the Average Nearest Neighbor
spatial statistics tool was employed. The tool creates a nearest neighbors index based on the
mean distance from each feature to its nearest neighboring feature. The below results show that
the clustering has less than a 1% percent chance of being randomly derived.
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Fig. 17: Average Nearest Neighbor Summary of structures within 1-km of
a roadway, depicting clustering significance.

Therefore, the point density is an accurate representation of these clusters, and their spatial
proximity is derived from inherent similarities between things that are proximal to each other. To
further the quality of cluster data to be used in the suitability models, these points were then
incorporated into an Optimized Hotspot Analysis spatial statistics tool. This tool tests for the
significance of these spatial clusters, and automatically corrects for spatial dependencies and the
risk of measuring the same point multiple times. The results reveal coldspots where there is

53

confidence in the low levels of clustering, spots where no significant clustering exists, and
hotspots where there are statistically significant levels of clustering occurring (Figure 18). After
this, these hotspots were converted from vector data into raster data, and reclassified into areas of
non-significance, and hotpsots of 90% confidence, 95% confidence, and 99% confidence to be
incorporated into the suitability models.

Fig. 18:
Hotspots
showing
structure
density
(clustering)
within 1km of
roadway
confidence.
Vector
(left);
reclassed
into raster
(right), to
be used in
suitability
models.

Historically Observed Ignitions. Data on historical ignitions were then gathered from
work produced by Short (2017), the same data used by Fusco et al. (2018), which spans from
1992 to 2015. Then, additional ignition point data from 2016 to 2019 were gathered from the
New York State Forest Ranger Wildland Fire Reporting Database (NYSFRWFRD, 2020). These
data would later be used to compare observed ignition trends to the assumptions made by the
suitability models. From these data, any prescribed burns were removed, then both data sets were
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clipped to the Adirondack State Park study area boundary and merged together. The product in
Figure 19 depicts all 3,533 recorded wildfire ignitions within the Adirondack State Park
boundary between 1992 and 2019 by causation.

Fig. 19:
Historically
observed wildfire
ignitions by
causation
throughout the
ASP study area
between 19922019.

In descending order, miscellaneous causes were attributed to 1,280 ignitions, campfires to 606,
lightning to 466, debris burning to 429, incendiary/arson to 315, smoking to 161, equipment to
97, powerline to 94, children to 57, railroads to 15, structures to 8, fireworks to 3, and missing or
undefined to 2. Density maps were then made for each, except for fireworks and
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missing/undefined values, as these had such few values that were spread apart that they created a
distorted image. These maps show the distribution of wildfire ignitions by causation type. Figure
20 shows the density of all ignition points between 1992-2019, independent of cause.

Au Sable Forks

Tupper Lake, Saranac Lake, Lake Placid
Area (Left to Right)

Lake George

Great Sacandaga Lake

Fig. 20:
Density of
total
observed
ignitions
between
1992-2019
in ASP
study area.

Figure 20 shows that most ignitions occurred near the south end of Lake George, the south end
of the Great Sacandaga Lake in the southeast portion of the Adirondacks, and along the ClintonEssex county borders near Au Sable Forks, and near Keeseville in the northeast portion.
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Additionally, the Average Nearest Neighbor spatial statistics tool was employed again, depicted
in Figure 21.

Fig. 21:
Average
Nearest
Neighbor
Summary
ignitions,
depicting
clustering
significance.

Again, Figure 21 reveals results that show that the clustering has less than a 1% percent chance
of being randomly derived. A more detailed look can be provided with the density maps by the
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various causes, showing where each causation has been most likely to occur based on past
observation.

Tupper Lake, Saranac Lake, Lake Placid
Area (Left to Right)

Au Sable Forks

Lake George

Schroon Lake
Indian Lake
Salmon Lake Mt., Moose
Pond Mt., Cranberry Lake

Great Sacandaga Lake

(Right to Left)

Redford

Buck Mt.

Fig. 22 A, B, C, D
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Au Sable Forks

Lake George

Hebron & Hogan Hills
Bulwagga Mt.
Keeney Mt.
Warrensburg

Buck Mt.

Fig. 22 E, F, G, H
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Hogback & Pigback Mts.
Wilmington

Weston &
Lake Placid

Skagerack Mts.

North Creek
Thompson Mt.
Johnsburg

Tupper & Little Tupper Lakes

Fig. 22 I, J, K
Fig. 22: Ignition density by causation between 1992-2019; A). Miscellaneous ignitions; B). Campfire ignitions;
C). Lightning ignitions; D). Debris Burning ignitions; E). Incendiary/Arson ignitions; F). Smoking ignitions; G).
Equipment ignitions; H). Powerline ignitions; I). Children ignitions; J). Railroad ignitions; K). Structure
Ignitions.

Figure 22A most closely resembles the density model of total ignitions due to its predominance
over the other causes, therefore exerting more influence than the others. Hence, miscellaneous
ignitions represented by this figure show greatest occurrence in the same areas as Figure 20.
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Figure 22B shows that campfire ignitions have mostly occurred near the south end of Lake
George, between the Sacandaga lake and Indian Lake, and near the Saranac Lake communities.
There was also moderate occurrence near the Schroon Lake communities, between Salmon Lake
Mountain and Moose Pond Mountain, and west of Cranberry Lake. Figure 22C reveals that
lightning ignitions have occurred mostly around the southwest end of Lake George, as well as
around the small northern town of Redford. Figure 22D shows that debris burning induced
ignitions primarily happened around the Great Sacandaga Lake area, with moderate occurrence
along the southwestern end of Lake George, and Buck Mountain. Figure 22E depicts that
incendiary, or arson-based fires, typically occurred near the Clinton-Essex county intersection
and the Hamlet of Au Sable Forks. Figure 22F shows that smoking induced fires primarily occur
at the south end of Lake George, while very infrequently elsewhere. Figure 22G shows that
equipment induced fires are most common in areas from Warrensburg to southwest Lake
George. Equipment fires also have occurred moderately in the valley formed by the Keeney,
Buck, and Bulwagga Mountains, and Hebron and Hogan Hills. Figure 22H shows that powerline
incidents typically lead to fire ignition in the southwest Lake George area. Figure 22I shows that
child induced fires primarily occur between Thompson Mountain and southwest Lake George.
Figure 22J shows that railroad induced fires often occur between the communities of North
Creek and Johnsburg, between Lake Placid and Wilmington, and between the Hogback, Pigback,
and Weston Mountains and Skagerack Mountain. Finally, Figure 22K shows that structure
induced wildfires were most prominent in the area between Little Tupper Lake and the
community of Tupper Lake.
Constructing Suitability Models. At this point, several suitability models would be
constructed from the aforementioned data. These suitability models are: 1. using only
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anthropogenic variables, 2 & 3. using only non-anthropogenic variables; two separate models
constructed, one with the 75th percentile solar radiance data, and the other with the 90th percentile
data, 4 & 5. using all anthropogenic and non-anthropogenic variables; two separate models
constructed, one with the 75th percentile solar radiance data, and the other with the 90th percentile
data, 6. using topographic variables, and 7. using observed ignitions, spread risk suitability, and
combined non-anthropogenic and anthropogenically derived ignition risk suitability. Suitability
models 1-5 are used to model the areas at greatest risk to ignition based on their associated
anthropogenic and non-anthropogenic variables. Additionally, looking at non-anthropogenic
variable only models may give a better purview into areas more likely to experience natural
ignition than those anthropogenically influenced models. Suitability model 6 uses the
topographic variables to model area of likely fire spread post-ignition. In this sixth model, aspect
is used to establish slopes likely to experience the most evapotranspiration, therefore being drier
and more readily susceptible to fire spread (Baker, 2009). TRI is used for vegetative
connectivity, as fire is more likely to spread to areas of greater vegetative density, uninterrupted
by natural breaks (Young et al., 2017). Slopes are used because steeper slopes allow for greater
radiative heat transfer upslope, creating rapidly drying and ignition susceptible fuels (Baker,
2009). Lastly, landcover is used to establish whether something burnable does exist in these
areas of likely spread, and the extent of its existence and burnability. Suitability model 7
attempts to derive overall risk zones based on past ignitions, spread risk, and high ignition risk
areas from anthropogenic and non-anthropogenic variables. A summary of variables and
associated models is available in the Appendix (Table 1).
Anthropogenic Suitability Sub-Models. The first suitability model constructed is one with
only the anthropogenic variables, 1-km road buffers and structure density within these 1-km
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buffers. This was done to show impacts of these groups by themselves before being run in an allinclusive model. First, the suitability models construct sub-models from the variables within
them based on their features. The variable sub-models were held constant for each ignition
suitability model, only for the fire movement model is the Land Cover sub-model different, as
cover types react differently when referring to initial ignition versus continued spread. When
constructing the first six models, each variable was given a different weight based on their
presumed importance/influence and predictive capabilities based on studies previously reviewed,
such as Bar Massada et al. (2013). Elevation, 1-km road buffers, and structure density within
these 1-km road buffers are seen as the most influential, and equally so. Although some of the
literature reviewed references elevation as being most influential, this is not always the case.
Plenty of the reviewed literature pointed to the WUI threshold as being significantly influential,
potentially even more so than elevation (Bar Massada et al., 2013; Calviño-Cancela et al., 2016;
Calviño-Cancela et al., 2017; etc.). Therefore, they were each equally weighted with values of
2.0. Then, TRI, solar radiance, and aspect were given values of 1.25, proportional to their likely
influence. Land cover was weighted at 1.0, this was due to the high variability in determining its
influence, especially in the northeast, as well as accuracy concerns due to potential
misclassification of land cover types. When running the only anthropogenic model both 1-km
road buffers and structure density were weighted 1:1. As for the post-ignition fire spread model,
all variables were equally weighted at 1:1. When the suitability model was run based on
observed historic ignition occurrence, each causation was weighted by occurrence, relative to the
greatest numerical cause (Miscellaneous). Miscellaneous causes being predominant by far, were
weighted at a 6, followed by campfire, lightning, and debris burning weighted at 5.5 due to
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having similar occurrence numbers, incendiary/arson was weighted at 4.5, followed by smoking
at 3, equipment, powerline, and children at 2, and railroad and structure fires at 1.
Before the sub-models are produced, the features within these variables must be given
suitability rankings. It is important to note that multipliers of 1-5 were used for intervariable
suitability ranks, 1 being most suitable, 5 being least. When setting-up the anthropogenic
suitability model all road buffers were set as suitable area, anything outside this 1-km buffer was
deemed unsuitable (in-terms of the model). Similarly, structure density based on the hotspot
clustering confidence saw areas of no significance (green) ranked with the lowest suitability
ranking, while 90% confidence was ranked with a 3, followed by 95% confidence ranked as a 2,
and 99% confidence ranked as a 1.

Saranac Lake

Lake Placid

Lake George

A

B

Fig. 23: A). Suitability Sub-model structure density within 1-km of roadway; B). Suitability Sub-model 1-km
roadway buffers.
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Figure 23A shows the area deemed suitable to ignition based solely on the confidence of
structure clustering within the 1-km road buffers, while figure 23B shows that every location
falling within these buffers is considered to be part of the most vulnerable ranking. Figure 23A
ultimately shows that according to the structure density, there are broad areas of susceptibility in
the Lake George (southeast corner), Saranac Lake (central northwest), and Lake Placid (central
northeast) regions.
Non-Anthropogenic Suitability Sub-Models. Variables such as aspect, TRI, and solar
radiance all produce sub-models that match their reclassifications, as they each had their features
simplified into two categories.

A

B
Fig. 24: A). Suitability Sub-model aspect; B). Suitability Sub-model Topographic Ruggedness Index

Figure 24A depicts the southernly facing slopes as being more susceptible to ignition, while the
non-southernly slopes are grouped into the least susceptible category. Figure 24B shows the
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more level areas as being susceptible to ignition, while area of higher rigidity being least
suitable. Solar radiance comparisons are displayed in Figure 25.

A

B
th

Fig. 25: A). Suitability Sub-model 75 percentile total annual solar radiance; B). Suitability Sub-model 90th
percentile total annual solar radiance.

Figures 25A and B depict the areas deemed most suitable vs least suitable based on whether the
values fall above or below the 75th and 90th percentile solar radiance exposure metric,
respectively.
Then, there are the topographic variables that have greater complexity involved in
determining differences in intervariable suitability. Firstly, there is elevation. Although elevation
is regarded as an influential variable in the determination of wildfire ignition, which elevations
are more suitable appears to be circumstantial. As much of the WUI literature points out, lower
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elevations may be more suitable to ignition, as they are more likely to experience contact with
humans and therefore experience their ignition inducing activities. However, higher elevations
face greater exposure to lightning through more frequent cloud-to-ground lightning strikes
(Latham & Schlieter, 1989). Therefore, both high and low elevations were given the greatest
suitability rankings of 1, while intermediate low and high elevations were ranked with fair
suitability values of 3, and moderate heights as being least suitable relative to other elevations
with a value of 4, while not being ranked as low as least suitable.

Fig. 26: Suitability Sub-model of Elevation
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Figure 26 shows the suitability rank of the different elevations. The resultant product being areas
of high suitability in both low and high elevations, while intermediate low and high elevations
are depicted as moderately susceptible, and moderate elevations are seen as least susceptible to
ignition. Ultimately, the sub-model shows that according to elevation values, portions of south
and north central Adirondack State Park, as well as the eastern boundary and often along
waterways also appear to be quite susceptible to ignition.
Next, land cover can also be influential to ignition. The NLCD data used breaks the land
cover classifications into Open Water, Developed Open, Developed Low-Intensity. Developed
Medium-Intensity, Developed High-Intensity, Barren, Deciduous, Coniferous, Mixed,
Shrub/Scrub, Herbaceous, Hay/Pasture, Cultivation/Crops, Woody Wetlands, and Emergent
Herbaceous Wetlands. Open Water is ranked with a lowest suitability ranking of 5 evidently
because water inundation prevents ignition. Meanwhile, Developed Open space is ranked as a 4,
Developed Low-Intensity is ranked as a 3, Developed Medium-Intensity as a 2, and Developed
High-Intensity as a 1. The reasoning for these suitability ranks for the developed space being
their alignment with the reviewed WUI literature, that with greater development, an increase in
human nature coalescence can lead to a higher frequency of human-induced ignition events.
Barren land is ranked with a low suitability of 5, as a landscape with sparse vegetation cannot
likely support ignition. The literature acknowledges differences in vegetative burnability,
however, because geographic, biologic, and climatic differences make this determination of
burnability highly dynamic, vegetation is often considered to always be susceptible with the
proper conditions to do so. Therefore, vegetation is treated as suitable in some manner, relative
to the other present broadly classified land cover types. Of the forest types, Deciduous Forests
are seen as being less prone to burning, and therefore receive a suitability ranking of 3, while
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Mixed Forests are ranked as a 2, and typically fire adjusted (or dependent) Coniferous Forests
are ranked as a 1 (Parisien et al., 2011; Poulos, 2015). Shrub/Scrub, Herbaceous, and Woody
Wetland were all ranked with suitability values of 3, as the research reviewed asserts their
flammability, but this is again highly dynamic and variable (Donovan et al., 2020). Lastly,
Hay/Pasture, Cultivated Crops, and Emergent Herbaceous wetland were all ranked with
suitability values of 4. Again, this is due to the dynamism of vegetative flammability, as well as
the low levels of ignition correspondence to agricultural lands (Hanberry, 2020). All ranking
choices take into consideration local geographic dependencies.

Fig. 27: Suitability Sub-model of Land Cover Classification
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Figure 27 reveals areas of greatest suitability based on land cover type. This shows that there is
high suitability in many areas throughout the Adirondack State Park based solely on land cover
type. Many of these areas are found in the highland of the north and north central portions of the
park, as well as some south central and eastern suitability coverage.
Historically Observed Ignitions Suitability Sub-Models. For the historical ignition
suitability model, the input density variables were each ranked with suitability multipliers 1-10.
The densest classifier ranked as 1, and the least dense ranked as 10.
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Fig. 28 A, B
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Fig. 28 C, D, E, F
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72

Tupper &

Little Tupper Au Sable Forks
Lakes

K

Structure

Fig. 28 K
Fig. 28: Historical Ignitions Suitability Sub-models by causation between 1992-2019; A). Miscellaneous
ignitions; B). Campfire ignitions; C). Lightning ignitions; D). Debris Burning ignitions; E). Incendiary/Arson
ignitions; F). Smoking ignitions; G). Equipment ignitions; H). Powerline ignitions; I). Children ignitions; J).
Railroad ignitions; K). Structure Ignitions.

These suitability sub-models very closely resemble their density inputs. Figure 28A, representing
the areas of greatest ignition risk based solely on miscellaneous ignition sources, shows that
ignition is most likely near the south end of Lake George, the south end of the Great Sacandaga
Lake in the southeast portion of the Adirondacks, and along the Clinton-Essex county borders
near Au Sable Forks, and near Keeseville in the northeast portion. Figure 28B depicts the area
most at risk to ignition from campfires, near the south end of Lake George, between the
Sacandaga lake and Indian Lake, and near the Saranac Lake communities. Figure 28C shows the
area most at risk of ignition to lightning, mostly around the southwest end of Lake George, as
well as around the small northern town of Redford. Figure 28D shows that debris burning
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induced ignitions is most likely around the Great Sacandaga Lake area, with moderate
occurrence along the southwestern end of Lake George, and Buck Mountain. Figure 28E depicts
that incendiary/arson fires, areas near the Clinton-Essex county intersection and the Hamlet of
Au Sable Forks are most susceptible. Figure 28F shows that smoking induced fire will be more
likely near the south end of Lake George. Figure 28G shows that equipment induced fires are
most likely in areas from Warrensburg to southwest Lake George. Figure 28H shows that
powerline incidents will likely lead to fire ignition in the southwest Lake George area. Figure 28I
shows that child induced fires will primarily occur between Thompson Mountain and southwest
Lake George based on the suitability risk. Figure 28J shows that railroad induced fires will more
often occur between the communities of North Creek and Johnsburg, between Lake Placid and
Wilmington, and between the Hogback, Pigback, and Weston Mountains and Skagerack
Mountain, based on areas deemed most susceptible. Finally, Figure 28K shows that structure
induced wildfires are most likely to predominate in the area between Little Tupper Lake and the
community of Tupper Lake. Tables depicting communities most susceptible to certain historic
fire causations, separated by cause type, are available in the Appendix.
Wildfire Spread Suitability Sub-Models. Finally, the model to determine areas most
suitable to fire spread post-ignition is created. Again, this is created using aspect, TRI, slope, and
land cover variables. First, a slope raster needed to be created, which was done by using the
Slope tool from the surface tools box within ESRI’s Spatial Analyst toolbox. The resultant
product shows the slope variance across the surface, from shallow slopes typically around the
periphery of the study area, and steeper slopes typically towards the center. This is visible in
Figure 29.
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Fig. 29: Slope across the ASP study area.

When setting weights, slope and TRI were weighted slightly higher than the other variables.
Slope and TRI were weighted at 1.25, while the others were weighted at 1. This is because slope
and vegetative connectivity’s high levels of influence on fire movement (Baker, 2009; Young et
al., 2017). The sub-models were then made using suitability multipliers of 1-5. When
constructing the sub-models, the TRI, aspect, and land cover sub-models are the same as those
developed for fire ignition models depicted in Figures 24 A and B, and figure 27, respectively.
Slope was separated into several broad classifications, where any slopes below 13° were ranked
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with the lowest suitability ranking of 5, due to less radiant heat transfer allowing for quick
upslope movement (Baker, 2009). From here, any slopes between 13° and 23° were ranked with
a suitability ranking of 4. Slopes between 23° and 28° received a ranking of 3, and those between
28° and 38° a ranking of 2. Lastly, any slope greater than 38° was ranked as most suitable with a
suitability ranking of 1. The resultant product is the Slope suitability sub-model.

Fig. 30: Slope Suitability Sub-model for Fire Spread.
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Once these sub-models were compiled, final suitability models were produced. These
were models showing the stand alone impacts of anthropogenic, non-anthropogenic, and historic
ignition cause variables. Additionally, non-anthropogenic and anthropogenic variables were used
in conjunction to give a clearer picture of wildfire ignition as a whole. Next, a suitability model
for post-ignition wildfire movement is constructed to show once ignited, where fires may be
most likely to travel. Finally, the combined WUI/Anthropogenic and Non-Anthropogenic,
Historically Observed Ignitions submodels, and Spread Risk suitability models are run through
another suitability model. Thus, providing a range of overall greatest wildfire danger areas based
on historical precedent, topographically and anthropogenically deduced ignition risk, and
topographically deduced spread risk.
Assessing Ignition Model Accuracy. Although the fire danger and spread models cannot
be assessed without proper burn area and spread direction data, the ignition models can be
checked using the observed historical ignitions. To assess the quality of these models, each
ignition model was run through a random forest model individually to acquire validation
accuracy. The random forest models use Breiman’s (2001) supervised random forest algorithm
to create a user defined number of decision trees, which are able to introduce randomness into
each individual tree produced, in-turn reducing collinearity through maximizing potential
randomness. Once each ignition model was tested against the observed ignitions, they were run
together to get a sense of model importance.
Each model was trained and tested multiple times to determine best performance. For
each model, it turned-out that using 500 regression trees (100 is the standard minimum),
excluding 30% of data for validation, and using 5 validation runs produced the best results. The
seed was set to 25, this holds the randomly selected numbers constant, as to maintain model
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consistency. Additionally, 1000 randomly plotted ‘absence’ points were plotted and joined with
the ignitions data. Then, a separate field was derived for absence versus presence, allowing the
random forest models to test the ignition suitability models on their ability to correctly identify
presence and absence points. The results of these processes are revealed in the next section.
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CHAPTER 4
Results:
Anthropogenic Suitability Model. The first model run was developed using only
anthropogenic variables, these being the 1-km road buffers and the within 1-km of a road
structure density. Once the model was run, the following product resulted in Figure 31.

Lake Clear Saranac lake Lake Placid
Whiteface &
Bloomingdale
Keene
Little
& Gabriels
Whiteface
Cobble Mt.
Deer Island
Mts.
Middle Saranac Lake
Axton Landing
Panther Mt.

Chestertown
Warrensburg
Athol
Lake George

Lake Luzerne

Fig. 31: Anthropogenic Variable Suitability Model
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Figure 31 shows that the south end of Lake George, as well as the areas including and directly
surrounding Lake Clear, Saranac Lake, and Lake Placid are most vulnerable to wildfire ignition
based solely on interactions with the WUI. Smaller areas of high vulnerability include southwest
Middle Saranac Lake, as well as Axton Landing. North of Lake Clear and Saranac Lake, the
areas between the communities of Bloomingdale and Gabriels face a less severe, but still
moderate risk of wildfire ignition. The same goes for the areas between The Cobble Mountain
and Owls Head just west of the community of Keene, the area between Deer Island and just
south of Panther Mountain, and both the northern side of the Whiteface Mountain and the
southern side of the Little White Face Mountain. Again, near Lake George, Warrensburg falls
within the area of high susceptibility, along with the mountains between Lake Luzerne and Lake
George. Meanwhile, susceptibility is moderate running north to south from just south of
Chestertown to between Athol and Warrensburg.
At this point, the areas of highest vulnerability were isolated over the study area to depict
only the areas at greatest risk to wildfire ignition based on the WUI. By doing so the map can
become decluttered, making it easier for the viewer to see what areas are most susceptible to
ignition. These areas of greatest suitability, which correspond to the above statements, are
depicted in the Figure 32 visualization.
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Fig. 32: Areas of highest wildfire ignition risk according to the Anthropogenic Variables Suitability Model.

Non-Anthropogenic Suitability Models. After this, models were run with only the nonanthropogenic variables. The first model was run with the 75th or higher percentile solar radiance
data, while the second model was run with the 90th or higher percentile solar radiance data. The
non-anthropogenic models show areas of greatest ignition susceptibility while ignoring the
impacts of the WUI.
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Fig. 33: Non-Anthropogenic Variables Suitability Models. A). Using 75th percentile annual solar radiance; B).
Using 90th percentile annual solar radiance.

The broad commonalities depicted by Figures 33 A and B show that the greatest areas of ignition
risk are in the central highlands, as well as land bordering water bodies up-and-down the eastern
side of the study area. The evident difference between the two maps is that there appears to be
more areas of high susceptibility in the 75th or higher percentile model, versus the 90th percentile
or higher model. This makes sense due to the former including a greater swath of solar radiance
values in the suitability ranking. Isolating the areas of greatest ignition susceptibility make it
easier to view these same areas. This product comparison is provided in Figure 34.
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Fig. 34: Areas of highest wildfire ignition risk of Non-Anthropogenic Variables Suitability Models. A). Using
75th percentile annual solar radiance; B). Using 90th percentile annual solar radiance.

Because these models are produced solely from non-anthropogenic variables it is likely that
these areas are most vulnerable to ignition induced by lightning. This is because these models
ignore the ignition influences of people introduced through the WUI. Therefore, these products
may be most useful in management tailored for these natural ignitions. Using these models
together, major areas of greatest ignition risk can be deduced.

82

Indian Lake

Piseco Lake

Bethune Mt.

Fig. 35: Areas at greatest risk in the central southwest highlands of Figures 34 A & B.

These areas of greatest susceptibility lie mostly between Piseco Lake on the east and Old Forge
(off-map, northwest corner) to the west, as well as between Indian Lake to the North and
Bethune Mountain to the south.
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Whiteface Mt.

Saranac Lake

Santanoni Mts.

Fig. 36: Areas at greatest risk to ignition in the central northeast highlands of Figures 34 A & B

These areas of risk primarily range from interstate 87 in the east to Saranac Lake in the West, as
well as from Whiteface Mountain in the North to the Santanoni Mountains in the south.
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Keeseville

Port Kent

Lake Champlain
Au Sable Forks

Willsboro

Westport

Elizabethtown

Fig. 37: Areas most susceptible to ignition along the north eastern portion of the study area, west of Lake
Champlain and the Vermont/New York state border of Figures 34 A & B.

The areas of greatest risk in Figure 37 range from Lake Champlain in the east to just beyond
NYS Route 9N in the west, and from the Adirondack State Park boundary in the north to NYS
Route 73 in the south. The communities appearing most at risk of potential wildfire ignition here
are Elizabethtown, Willsboro, Westport, Au Sable Forks, Keeseville, and Port Kent.
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Cheney Mt.
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Lake Champlain

Crown Point

Ticonderoga

Putnam
Hague

Fig. 38: Areas of greatest susceptibility from figures 34 A & B, south of the areas depicted in figure 37.

Figure 38 depicts areas of greatest ignition risk from Lake Champlain in the east to the area inline with the Tongue Mountain Range in the west, and from Cheney Mountain in the north to the
north end of Lake George. The communities within this area appearing most at risk are Port
Henry, Moriah, Crown Point, Ticonderoga, Putnam, and Hague.
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Tongue Mts.
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Kattskill Bay

Athol
Lake George
French Mt.

Stony Creek

Lake Luzerne
Hadley

Mt. Anthony

Fig. 39: Areas of greatest susceptibility to wildfire ignition around the southern end of Lake George from figures
34 A & B.

Figure 39 shows areas of greatest ignition risk from the Adirondack State Park boundary in the
east to just beyond the Hudson River in the west, and from the Tongue Mountain Range in the
north to Mount Anthony in the south. The west coast of Lake George and eastern side of French
Mountain appear to have multiple areas of high ignition risk. More specifically, the communities
at greatest risk appear to be Lake George, Cleverdale, Warrensburg, Bolton Landing, Diamond
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Point, and the areas within and around Lake Luzerne, Hadley, Stony Creek, and Corinth (South
of map extent).

Northville

Clarkville/Edinburg

Fish House

North Broadalbin
Mayfield
Riceville

Fig. 40: Areas of greatest wildfire ignition susceptibility around the Great Sacandaga Lake, from figures 34 A &
B.

Fire risk predominates the north and western perimeters of Figure 40. The communities at most
risk are Northville, Mayfield, Clarkville, and Edinburg. Other communities at risk not easily
highlighted in the aforementioned maps are Pottersville, Adirondack, Schroon Lake, Severance,
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New Russia, Nicholville, Saranac, and Valcour Island. It is important to reiterate that these are
risk created zones without the influence of anthropogenic forces, therefore, these risk zones are
those at greatest risk considering primarily natural ignitions, such as lightning and spontaneous
chemical combustion.
Combined Non-Anthropogenic/Anthropogenic Suitability Models. The fourth and fifth
models run were using a combination of anthropogenic and non-anthropogenic variables. By
doing so, it can provide a whole picture of ignition risk, building a clearer picture of areas at
greatest risk to wildfire ignition in general, not specified to anthropogenic or natural sourcing.
One model uses the 75th percentile or greater solar radiance values, while the other uses the 90th
percentile or higher solar radiance values. The Figures 41 A and B are the resultant products.

Fig. 41: Combined Non-Anthropogenic and Anthropogenic Variables Suitability Models. A). Using 75 th
percentile annual solar radiance; B). Using 90th percentile annual solar radiance.
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Figures 41 A (75th Percentile) and B (90th Percentile) are very similar, showing only subtle
differences. Therefore, the impacts of the differences in solar radiance on these models can be
considered minimal. Broadly, it is evident that both models reveal the areas of greatest ignition
risk fall near the southeastern and central northern portions of the Adirondack State Park. Again,
by isolating the areas of greatest susceptibility, further model comparisons and greater clarity to
area suitability can be achieved.

Lake Clear Saranac Lake Lake Placid

Lake George

Fig. 42: Areas of highest wildfire ignition risk of Non-Anthropogenic and Anthropogenic Variables Suitability
Models. A). Using 75th percentile annual solar radiance; B). Using 90th percentile annual solar radiance.

90

From Figures 42 A and B it can be seen that these areas of highest ignition risk are concentrated
around Lake George (southeast), Lake Clear (central northwest), Saranac Lake (central north),
and Lake Placid (central northeast).
Since the products are so similar, the 90th Percentile or higher (Figure 42B) product is
used to depict the following more detailed views of greatest susceptibility to wildfire ignition.

Buck Mt.
Long Island

Warrensburg
Diamond Point Cleverdale

Kattskill Bay

Three Sisters Mts.
Prospect Mt.
Lake George
French Mt.

Kenyon Mt.
Thomas Mt.
Hidden Lake

Fourth Lake
Luzerne Mts.
Bartlett Mt.

Fig. 43: Areas most at risk to ignition in the southeast portion of the Adirondack State Park near and
around Lake George, from figure 42 B.

91

Figure 43 shows that the greatest areas of risk follow along the coasts of southern Lake George.
On the eastern side of Lake George, the area between the Sugar Loaf relief and French
Mountain, and between the northern most portion of Queensbury and Cleverdale is highly
susceptible to ignition. Additionally, Long Island and the coastal area between Buck Mountain
and Kattskill Bay are all vastly covered in area at high risk of wildfire ignition. The area from the
western side of French Mountain to the range of mountains between Kenyon Mountain and
Prospect Mountain, along with the area from the southern border of the Adirondack State Park to
the community of Lake George is also predominantly covered in areas of high ignition risk.
These areas of high ignition risk also spanned the west coast of Lake George just past the
Sagamore Resort and Golf Club, extending west to Interstate-87. West of the interstate, the areas
throughout Warrensburg to the Chestertown border in the north, and from Schroon River Road in
the east to just past the Hudson River to the west are also highly susceptible to ignition. A
smaller region of susceptibility lay just southeast of The Three Sisters mountains, as well as
along Stewart Brook, Podunk Brook, and Viele Pond. Other areas of high susceptibility span
south of Thomas Mountain and along the area from Fourth Lake to Hidden Lake. The area east
of Rockwell Hill and west of Howe Road, as well as the area between the Luzerne Mountains,
Keenan Reservoir, and Long Marsh are also amongst the highly susceptible area. Lastly, the
intersection of Bird and Anderson Brooks, east of Bartlett Mountain, is also determined to have
high risk to ignition.
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Whiteface Mt.

Moose & Buck Islands

Eisenglass Mt.
Lake Placid

Scarface Mt.

Averyville

Fig. 44: Areas most vulnerable to ignition around Lake Placid, from figure 42 B.

Figure 44 depicts many areas of high ignition risk. To the north, areas of high susceptibility
cover the intersections of Baldwin Hill, Esther Mountain, and Lookout Mountain. To the east,
the intersections of Clifford and Nichols Brooks just north of Eisenglass Mountain are areas of
high ignition risk. Many other areas of high ignition persist from the south Sentinel Mountain
Range to Mount Jo. Other high ignition risk areas south of Old Military road range to south of
Averyville, past Cameras Pond, from southeast Scarface Mountain past Heaven Hill to the West
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Branch Ausable River. North of Old Military road, the community of Lake Placid, as well as the
topographic relief of Mount Colburn, Cobble Hill, Mount Whitney, and the Moose and Buck
Islands possess large areas of great ignition susceptibility.

Bloomingdale

Lake Colby
Saranac Lake

Ray Brook

Fig. 45: Areas most vulnerable to ignition around Saranac Lake, from figure 42 B.

In Figure 45, the areas of greatest risk in the far northeast corner run along the Saranac River and
the community of Bloomingdale. From the east, these areas of greatest vulnerability range from
the community of Ray Brook to the areas of Baker Mountain and Moody Pond. To the south,
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these susceptible areas spanned southward over Dewey Mountain along the two strips of land
separated by Kiwassa Lake until the lands conjoined. West of Lake Placid, areas of greatest
ignition suitability run along the north shore of the Lower Saranac Lake and Forest Home road.
Lastly, North of Saranac Lake, the areas of Mount Pisga, north of Lake Colby, and along Lake
Colby drive are at significant risk of ignition. The final close-up view of the most vulnerable
areas from the combined anthropogenic and non-anthropogenic variables models.

Fig. 46: Areas most vulnerable to ignition around Lake Clear, from figure 42B.

Figure 46 depicts the areas of greatest ignition risk between Lake Clear to the west and
McCauley Pond to the east, as well as from the Adirondack Regional Airport in the north the
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Fish Creek in the south. Other communities and areas at risk not easily highlighted in the
aforementioned maps are spots of high ignition risk near the Harrietstown and Santa Clara town
boundaries, between State Route 30, Upper Saranac Lake, and Forest Home road. Other highrisk locations exist south of Middle Saranac Lake, on and near Birch Island, and near the
intersection of State Route 30 and Tupper Lake Highway. South of Tupper Lake Highway and
just north of Axton Landing along Coreys road are more collections of land at a higher risk of
ignition. Lastly, the communities of Crown Point, Adirondack, and Wright also have
concentrations of high ignition susceptibility.
Wildfire Spread Risk Suitability Model. The second to last model run was constructed to
exhibit areas where fire spread would be most likely post-ignition. The model was then used to
display where in relation to the ignition models fires were most likely to spread. Figure 47
represents the fire spread risk model.
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Fig. 47:
Fire
Movement
Suitability
Model.

Looking at the fire spread model in Figure 47, it is evident that most areas vulnerable to spread
are located in the central to western regions of the Adirondack State Park. Isolating the areas of
greatest ignition spread risk make this clearer (Figure 48).
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Eleventh Mt.

Great Sacandaga Lake

Kayaderosseras Range

Fig. 48: Areas most vulnerable to wildfire spread.

Figure 48 shows those areas most susceptible to fire spread post ignition. Key areas where fire
spread risk is high include the northwest corner of warren county near Eleventh Mountain, the
southeast side of Great Sacandaga Lake along the Kayaderosseras Range, and many
communities throughout the study area.
Integrated Fire Danger Model. Lastly, an integrated model is run to acquire a range of
areas that can most appropriately be classified as fire danger areas. This suitability model uses
the historical ignitions submodels, combined 90th Percentile WUI/Anthropogenic and Non98

Anthropogenic, and wildfire Spread Risk suitability models to find areas most at risk to wildfire,
without the specification of ignition and/or spread. Figure 49 reveals the resultant product.

Au Sable Forks

Lake George

Fig. 49: Fire Danger Areas Suitability Model

Figure 49 shows that the areas at greatest risk of wildfire overall, appear to be near the southwest
end of Lake George, as well as the northeast portion of the study area near Au Sable Forks.
Figure 50 isolates the areas of greatest wildfire danger.
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Bolton Landing

Lake George

Fig. 50: Greatest Fire Danger Areas; A). Southwest side of Lake George; B). Northeast corner of study
area, between Jay and Au Sable Forks.

Figure 50A represents fire danger areas on the southwestern side of Lake George, ranging from
the Lake’s west coast to Deadwood Mountain (off Map) in the west, and to just north of the town
boundaries between Chester and Warrensburg, and Horicon and Bolton. Figure 50B shows these
areas from midway between Upper Jay and Jay in the south to just past Bailey Mountain in the
north, following mostly along NYS Route 9N.
Accuracy Assessment Using Random Forest Model. The Anthropogenic variable only
suitability model was tested on only anthropogenic ignitions, and the non-anthropogenic variable
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only models were tested on only lightning ignitions. By doing so, the suitability models’
capabilities to assess ignitions by causations correlated to their variables was tested.
Model
Anthro*
>=90th Percentile Non-Anthro*
>=75th Percentile Non-Anthro*
>=90th Percentile NonAnthro/Anthro
>=75th Percentile NonAnthro/Anthro
All Models Run Together
Average

F-Score
0.93
0.35
0.45

MCC
Sensitivity
N/A
1.00
0.18
0.26
0.23
0.38

Accuracy
0.86
0.68
0.67

Median Accuracy
0.862
0.677
0.669

0.91

0.09

0.93

0.84

0.844

0.91
0.93
0.746666667

0.14
0.21
0.17

0.96
0.84
0.95
0.87
0.75 0.79333333

0.835
0.869
0.792666667

Table 1. * Tested on data respective of variable type, i.e. Non-Anthropogenic Ignitions (lightning), or Anthropogenic
Ignitions; Model performance statistics for suitability models rand through random forests.

The results here show that when ran individually, the anthropogenic variable only model showed
the highest accuracy rate, and 86% validation accuracy of its ability to predict anthropogenically
induced ignitions. However, both the non-anthropogenic suitability models were far less accurate
at arriving at the correct lightning ignitions, with similar accuracy rates of 68% and 67%. When
the integrated anthropogenic and non-anthropogenic suitability models are ran against all
ignitions independent of cause, a high accuracy rate of 84% is the result for each. When each of
these models are ran through the random forest model tool together, the highest accuracy
outcome results, 87%. Table 2 breaks down the role each suitability model played in this
outcome.
Models in All Models Run Together
>=90th Percentile Non-Anthro
>=90th Percentile Non-Anthro/Anthro
>=75th Percentile Non-Anthro
>=75th Percentile Non-Anthro/Anthro
Anthro
Average

Importance
9.34
9.03
9.00
8.99
8.23
8.92

%
21
20
20
20
18
19.8

Table 2. Importance of ignition suitability models in the accuracy of the “All Models Run Together” output.
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Table 2 shows some interesting differences in the validation models. Although the anthropogenic
variable only model was able to correctly assess presence of anthropogenically induced ignitions,
when run with the other models, it plays the least vital role in determining presence of all
ignition types. Additionally, although the non-anthropogenic variable only models performed
mediocrely when assessing non-anthropogenic ignitions, they proved to be some of the most
influential models in accurately assessing presence of all ignitions when ran with all models.
That said, all models performed with relatively similar significance; therefore it is evident that
each played a vital role in the validation accuracy outcome.
Summarization of Model Results. From looking at the sub-models it becomes visible the
role of individual variables and their associated features’ roles in ignition and fire spread
suitability. The anthropogenic variable produced model provides a broad look at ignition risk due
to the WUI. The non-anthropogenic variable produced models provide a look at areas most
vulnerable to wildfire ignition with an absence of WUI integration, leading to depictions of
locations most likely to experience natural lightning ignitions. The ignition models that used both
non-anthropogenic variables and anthropogenic variables provided insight into locations most
suitable to ignition as a whole, not just from natural ignitions or those that are anthropogenically
induced. The fire spread post-ignition model provides delimitations for areas most susceptible to
fire spread once ignition has occurred. Meanwhile, the fire danger model seeks to integrate
multiple models in pursuit of designating general zones of greatest wildfire hazard. Then, in the
fourth chapter this is used with the ignition models to understand the potential relationships that
exist with areas most susceptible to ignition and then where spread may occur in relation to these
locations. Ultimately, the visualizations in this chapter depict the areas at greatest risk of wildfire
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ignition, according to their respective models, and spread. Furthermore, tabular data on the
communities that interact with these models is provided in the Appendix.
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CHAPTER 5
Discussion:
Upon looking at the model products, it is clear that the suitability model based on only
anthropogenic variables provides a broad and generalized areas of ignition risk. Meanwhile, the
other models provide more finite and descriptive areas of ignition risk and spread. Also, it is
clear that the models produced without the consideration of the WUI appear vastly different from
the rest of the models. By comparing all of the models, a contextual understanding of wildfire
ignition risk in the Adirondack State Park can be deduced.
75th Percentile Solar Radiance Vs 90th Percentile Solar Radiance Non-Anthropogenic
Variable Only Models. When looking at Figures 33A and B, there are evident differences in
areas most susceptible to ignition between the two non-anthropogenic models based on the
different solar radiance thresholds used. It is apparent that these thresholds play a somewhat
significant role in identifying which areas are most at risk to ignition, as well as the amount of
area. Figures 33A, shows that using a 75th percentile annual solar radiance threshold results in
more area being at risk than using a 90th percentile annual solar radiance threshold, Figure 33B.
The model represented by Figure 33A resulted in a total of 1,515,235,272 m2 (1,515 km2 or 585
mi2) of area most likely to be susceptible to ignition risk. The Adirondack State Park is 9,375 mi2
in total, making the high-risk area for this model comprise roughly 6.24% of the total study area.
Meanwhile, the model represented by Figure 33B resulted in a total 796,828,637 m2 (797 km2 or
307 mi2) of area most likely to be susceptible to ignition risk, roughly 3.28% of the total park
area. This is an almost 50% difference in area classified as most suitable to ignition risk.
However, both models place a majority of this high ignition risk area within the south and north
central highlands, as well as along Great Sacandaga Lake, Lake George, and the northeastern
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border of the Adirondack State Park along Lake Champlain. Furthermore, because these models
are ignoring the WUI, these ignition sites are more likely representative of areas more at risk to
natural ignitions, or human induced ignitions outside of the WUI. Although both models are
useful to get a range of high ignition risk sites, the latter model is better suited for determining
areas at the highest risk of ignition due to its constraining of solar radiance values to a high and
more finite range.
WUI Only Model Vs Non-Anthropogenic Variable Only Models. Comparing Figures 33A
and B with Figure 31 provides contrast in ignition suitability between the use of only nonanthropogenic variables, and only anthropogenic variables. Figure 31, representing the areas of
highest ignition risk as a result of pure interaction with the WUI, provides far broader areas of
ignition risk, while also providing less total area deemed to be at high risk of ignition,
542,676,080 m2 (543 km2 or 209 mi2), which is roughly 2.23% of the study area. This total area
is approximately one-third of the area deemed at risk by Figure 33A, and roughly two-thirds of
the area deemed at risk by Figure 33B. Additionally, the areas of risk represented in Figures 33A
and B appear to predominate the highlands with an assortment of high-risk sites throughout the
study area. Whereas areas of risk in Figure 31 are hyper focused around communities near Lake
George, Lake Placid, Saranac Lake, and Lake Clear, with no straying, aside from several finite
points along Middle Saranac Lake, Axton Landing, and the Luzerne Mountains west of
Queensbury and West Glens Falls. Although the models produced in Figures 33A and B can be
considered vastly different from the model produced in Figure 31, each model tends to represent
the aforementioned areas as having some level of ignition risk prominence. Therefore, it is
discernable that both anthropogenic factors, as well as non-anthropogenic ones are likely to give
these regions a high likelihood of ignition. Figures 33A and B alone infer where ignition is most
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likely to result, aside from human interaction, while Figure 31 provides insight into how human
interaction may impact the ignition risk in these areas.
75th Percentile Solar Radiance Vs 90th Percentile Solar Radiance Non-Anthropogenic
and Anthropogenic Variable Only Models. Comparing the high ignition risk areas in Figures 41A
and B, it is evident that both products show very similar areas of high ignition risk. Any
differences are only discernable upon close inspection. Both show focal points of high ignition
risk being the area surrounding southern Lake George, as well as areas surrounding Lake Clear,
Saranac Lake, and Lake Placid, with small areas of high ignition risk dispersed throughout the
Adirondack State Park study area. The total area encompassed by this highest ignition risk for
the 75th percentile model is 189,942,824 m2 (190 km2 or 73 mi2), which comprises about 0.78%
of the state park. Whereas the total area encompassed by the highest ignition risk for the 90th
percentile model is 187,667,161 m2 (188 km2 or 72 mi2), which is roughly 0.77% of the entirety
of the state park. Comparing these two figures, there is only a 0.01% difference in the highest
ignition risk area designation. Therefore, both models are highly comparable, show little
discrepancy in risk area classification despite the tightened threshold of incorporated solar
radiance data from the 75th percentile to the 90th.
WUI Only Model Vs Non-Anthropogenic/Anthropogenic Variable Models. Figures 41A
and B bear a high level of resemblance to Figure 31, the model based solely on the
anthropogenic variables. The primary difference being the more finite designation of areas of
high ignition risk within Figures 41A and B, versus the broader demarcations of Figure 31. This
can be evidenced by the 1.46% difference in park area coverage. Additionally, the similarity
between these figures may suggest the high levels of influence that the anthropogenic variables
played in the models run in Figures 41A and B.
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75th and 90th Percentile Solar Radiance Non-Anthropogenic Variable Only Models Vs
75th and 90th Percentile Solar Radiance Non-Anthropogenic and Anthropogenic Variable
Models. These models are very different, and these differences align with those previously
mentioned in discussing the differences between Figures 33A and B, and Figure 31. Although
there is some overlap in risk of ignition coverage, such as near the south end of Lake George,
Saranac Lake, and Lake Placid, the similarities seem to end there. The 75th percentile models
differ by a coverage of 5.46%, with the non-anthropogenic variable only model making up the
larger portion. The 90th percentile models differ by a coverage of 2.51%, with the nonanthropogenic variable only model making up the larger portion. It appears that Figures 33A and
B are better suited towards ignition risk due to natural ignitions, and those human induced
ignitions that exist outside the WUI. Figures 41A and B appear to be a summation of where
ignition may be most likely, taking into account both the likely human induced ignition from the
WUI and the natural environmental factors that make ignition more likely, independent of human
influence.
Comparing Wildfire Ignition Risk With Wildfire Spread Risk. By overlaying areas of high
ignition risk with areas of high spread risk represented by Figures 50 and 51, one can see where
fire may be most likely to travel upon initial ignition. This spread may be facilitated within these
initial high-risk ignition zones, or may be encouraged to move outward, damaging more land
area. This builds upon the importance of knowing the initial ignition risk. Knowing where fires
are most likely to start is important, but knowing where they are most likely to spread is just as
important to prevent damage to structures and peoples. Additionally, knowing how fires are
likely to move can provide paths to redirect wildfires, or a guideline for prescribed ignition. First,
is a look at these areas of spread risk overlapping the WUI (anthropogenic variable only) model.
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Lake Clear

Lake Placid

Saranac Lake

Lake George

Fig. 51: A). High and highest wildfire spread risk areas overlaying highest wildfire ignition risk areas
from the Anthropogenic variables model. B). Southern Lake George area; C). Lake Clear, Lake Placid,
and Saranac Lake area.

Figure 51A depicts the high-risk ignition areas of this model, overlapped with the highly and
most suitable areas to wildfire spread. Figure 51B shows a close-up of this in the Lake George
area, most eclipsed by high spread risk areas, but not the most suitable areas to fire spread. It also
appears that there are considerable areas on all sides of this figure that are likely to facilitate the
spread of fire. However, to the west, the Schroon and Hudson Rivers, as well as Interstate-87 and
several other roadways appear like they may serve as fire breaks to prevent further westward
spread. Figure 51C shows the areas of most likely ignition and spread between Lake Clear,
Saranac Lake, and Lake Placid. Here, it is evident that these areas of ignition risk are overlayed
with more areas most suitable to spread compared to the Lake George area. Although there may
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be some water barriers to fire spread to the west, much of the area at risk to fire spread appears to
have strong connectivity, as well as appear to be uninterrupted by large roadways that could
serve as fire breaks. Therefore, it seems that fire spread may be more likely in the areas depicted
in Figure 51C. Secondly, is a look at these areas of spread risk overlapping the 90th percentile
non-anthropogenic variable ignition model. The 90th percentile model is used because this is a
truer representation of areas of most ignition risk.

Fig. 52: High and highest wildfire spread risk areas overlaying highest wildfire ignition risk areas from the
Non-Anthropogenic variables model using 90th percentile solar radiance (left); Highest wildfire ignition risk
areas from the Non-Anthropogenic variables model using 90th percentile solar radiance (right).

Based on the visual differences in the products in Figure 52, it is evident that most of these areas
at high-risk of ignition are also at high and most suitable risk of fire spread. A close-up look at
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several of these areas can provide more insight into the relationship between ignition and spread
risk in these models.

Raquette Lake

Lake Pleasant

Saranac Lake
Lake Placid
Lake Clear

Witherbee

Westport

Fig. 53: Closeups of High and
highest wildfire
spread risk areas
overlaying
highest wildfire
ignition risk areas
from Figure 53.
A). South Lake
George area; B).
The Great
Sacandaga Lake
area; C).
Southcentral
Highlands area;
D). Northcentral
Highlands area;
E). Northern Lake
George area; F).
Northeast corner
of study area
around Westport.
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Figure 53A depicts areas of wildfire spread risk overlapping areas of high ignition risk around
the south Lake George area. Here, most of the areas with high ignition risk are overlapped by
areas of high spread risk (light green), with few areas at greatest risk of spread (dark green).
Again, to the west, the Schroon and Hudson Rivers, as well as Interstate-87 and several other
roadways appear like they may serve as fire breaks to prevent further westward spread. Although
there is some connectivity between areas of likely spread, this connectivity does not appear to
extend from areas overlapping high ignition risk zones to those outside these zones. Therefore,
spread to many of these areas of spread risk must be facilitated either by spread through areas of
lower spread risk not depicted in these figures, or by winds that carry embers to different spots of
likely ignition and spread.
Figure 53B represents the area surrounding Great Sacandaga Lake. Here, there appears to
be high levels of connectivity amongst spread risk zones overlapping the fire ignition risk zones.
This connectivity also appears to extend beyond these initial fire risk zones. Therefore, it seems
likely that fire spread in this area could be facilitated throughout this area without the assistance
of winds. Although this ignition and spread risk appears to predominate the north and western
sides of the lake, there are significant areas of overlap to the south, and portions to the east.
Figure 53C depicts the southcentral highlands, located between Lake Pleasant to the
southeast and Raquette Lake to the northwest. These areas of high ignition risk appear to be
overlapped and surrounded by great amounts of area both high and most susceptible to fire
spread. Although there appears to be a significant number of waterbodies that may represent
natural fire breaks, the area also possesses a high-level of connectivity amongst these fire spread
risk areas. Therefore, it appears that fire spread in and outside of these high ignition risk areas is
not only likely, but without the need of assistance from wind to cover significant land area.
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Figure 53D depicts the north central highlands, located around Lake Clear, Saranac Lake
and its smaller sister lakes, and Lake Placid. Much of this area is comprised of high ignition risk
area, of which most is almost completely overlapped with the high and greatest areas of fire
spread risk. Although there appears to be waterbodies and minor roads to serve as fire breaks,
much of the area, especially that around the communities of Lake Clear, Saranac Lake, and Lake
Placid, is overlayed with highly connective fire spread risk area. Because of these high levels of
overlap and connectivity, fire ignition and spread appears likely. Although wind is not needed to
facilitate this, it could exacerbate the proliferation of fire across the landscape.
Figure 53E depicts the area ranging from the north end of Lake George in the south, to
the community of Witherbee in the north. Again, much of this area is highly susceptible to
ignition. Much of this is overlapped with high spread risk designation, with little overlap of the
greatest risk designation. Here, there appears to be little connectivity of high spread risk areas
along the Adirondack State Park boundary. This connectivity appears to increase along the
highlands running north to south in the central portion of this figure. Therefore, it appears less
likely for fires to spread without the assistance of wind in the border adjacent communities,
while spread is more likely despite the absence of winds in the highland areas.
Figure 53F depicts the area just south of Westport to the northern park boundary. Again,
most of the high ignition risk area is overlapped with the high, but not greatest, designated fire
spread risk areas. Here, it appears that both the Adirondack Northway and NYS Route 9N may
serve as moderate fire breaks to fire spread, as well as small ponds, lakes, and tributaries. Fire
spread risk zones appear to be less connective adjacent to Lake Champlain, while more
connective west of the Adirondack Northway and NYS Route 9N. Again, it seems more likely
that spread would occur in these highly connective areas that also overlap the areas of high
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ignition risk, while spread may need to be facilitated by wind to be more significant in the less
connective areas. Thirdly, is a look at fire spread risk zones overlapping the 90th percentile
combined non-anthropogenic and anthropogenic variable ignition model. Again, the 90th
percentile model is used because it is more representative of the highest ignition risk areas,
despite the little difference that exists between the two ignition risk models.
B
Lake Clear
Saranac Lake
Lake Placid

Lake Clear

Saranac Lake
Lake Placid

A

C

Fig. 54: Close-ups of high and highest wildfire spread risk areas overlaying highest wildfire ignition risk areas from the
combined Non-Anthropogenic and Anthropogenic variables models. A). Southern Lake George area; B). Lake Clear,
Saranac Lake, and Lake Placid ignition risk areas overlapped with spread risk areas; C). Figure 55B ignition risk areas.

Figure 54A is similar to Figure 53A, both are focused on the southern end of Lake
George. The difference being a greater amount of area designated as high ignition risk in Figure
54A. This results in a greater overlap in high ignition risk area with high and greatest fire spread
risk area. Therefore, fire ignition followed by spread may be more likely according to these
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overlapping model products. However, the lower levels of connectivity along with the same
potential fire breaks mentioned for Figure 53A may restrict the spread capabilities without the
assistance of wind.
Figures 54B and C are side-by-side depictions of the fire spread risk zones overlaying the
fire ignition risk zones (54B) and the fire ignition risk zones without this spread risk overlay
(54C). These areas experienced high levels of overlap between the spread risk and ignition risk
zones, including the greatest spread risk classification. These again show the ignition and spread
risk overlap across the Lake Clear, Saranac Lake, and Lake Placid communities. Similar
hypotheses can be drawn here, as those drawn for Figure 51C.
Integrated Fire Danger Model. The areas of greatest fire danger risk cover approximately
7,462,982 m2 (7.5 km2 or 3 mi2), most of which is focused immediately off the southwest coast
of Lake George. This accounts for 0.032% of the entirety of the Adirondack State Park. These
are spaces that are deemed at an overall high risk of wildfire, based on suitability models
constructed from historical precedent, topography, and WUI interaction.
It is apparent that each model has their own merits. The anthropogenic variable only
model is helpful to understanding how the WUI impacts ignition risk, while ignoring outside
input. The non-anthropogenic variable only models give a view of the area most susceptible to
ignition due to physical characteristics that exist outside the extent of expanding urbanization,
and the interactions that occur between the boundaries of wildland and urban land. Because of
this, these models may give better insight into areas most susceptible to natural ignitions.
Combining these two separate model types to take into account the simultaneous interaction of
the WUI variables and those non-anthropogenic ones may give the best insight into where
ignition is most likely, independent of causation. By overlaying these models with the fire spread
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risk model, one can see where fire is most likely to travel once initial ignition does occur. The
fire danger model, which integrates the three distinctly separate suitability models into one,
provides a method of overlaying multiple models to see where wildfire planning may be most
pertinent. However, these models are not definitive statements on where ignition is going to
occur and/or spread. By referring to the random forest accuracy assessments, an understanding of
what models may be best for a particular purpose may be ascertained.
From the data obtained in the validations, it is clear that the anthropogenic variable only
model should be well suited for knowing the bounds of where anthropogenic ignitions are likely
to occur. Therefore, this model may be best suited for those solely focused on ignitions at the
WUI, i.e., researchers, policy makers, planners, site assessors for businesses, etc. Although the
non-anthropogenic only models still achieve an accuracy of two-thirds, this seems relatively
unreliable. Therefore, these would likely be best suited for educational purposes instead of
applications where reliance on the data could be dangerous if ignitions occur outside the highest
risk zones. As for the combined non-anthropogenic/anthropogenic variable models, these appear
like the best options for defining area of likely ignition independent of the cause. Therefore,
these could be used by all the aforementioned, as well as emergency service personnel, land
managers and planners, etc.
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CHAPTER 6
Conclusion:
Summary. The Adirondack State Park has a long and complicated history with wildfire.
From the Pre-20th century industrial logging boom to the 1894 Forever Wild clause that caused
the industry to slowly taper off, to the sparser wildfire occurrence of today’s modern relationship
between the Adirondack State Park and wildfire (NYSDEC, 2017). Studies, such as Ziegler
(2007), point to this fire history, and its role in the currently observable vegetative regeneration.
This history is partially informed by the historical ignition data collected by Short (2017) and the
NYSFRWFRD (2020) that is used in this monograph’s study. Together, this information helps to
understand the past, present, and future fire regimes of the state park.
The variables that are most likely to impact wildfire ignition (and several also affecting
spread) being elevation, TRI, annual solar radiance, aspect, land cover, 1-km of a roadway
proximity, and structure distance within these 1-km roadway buffers. The use of these variables
is supported by works such as, Bar Massada et al. (2013), Calviño-Cancela et al. (2017), and
Young et al. (2017), just to name a few. The data retrieved from Short (2017) and the
NYSFRWFRD (2020) were legitimized through studies such as, Jenkins (1995) and Fusco et al.
(2018). These historical ignition observances were used as a historical baseline, which were then
utilized to construct random forest models for testing the accuracy the ignition suitability
products. Once variables were chosen and rationally explained, model methods were contrasted
to provide further variable and influence rational, as well as rationale for the use of the ArcGIS
Pro suitability modelling tool. Because the tool is a recent development, this appears to be an
early study of its use in fire ignition risk and suitability modelling. However, it has a high level
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of flexibility that allows the user to alter finite model parameters and variable inputs, which helps
to further incorporate some of the principles from the reviewed model literature.
First, DEM data was gathered. From here, the other variables were derived. Upon the
derivation of the variable products, each was input into their associated models, where submodels were created by suitability differences of internal features. These sub-models were then
used to construct full suitability models that resulted in suitability products that detailed area
suitable to wildfire ignition risk. These products are based on solely anthropogenic and/or nonanthropogenic variables. Then, a wildfire spread risk model is constructed to depict where fire
may most likely be directed post-ignition. Then, a fire danger model was constructed to coalesce
several of the former suitability products into one, providing finite areas of likely future wildfire
exposure. Once these models were constructed, they could be analyzed to see what landscape
features and communities are most susceptible to ignition risk and spread. Each model had
differences, which is to be expected. The model considering the ignition risks as a result of the
WUI is heavily restricted to more finite spatial locations than the models using only nonanthropogenic variables. Although there appeared to be significant differences in the areas most
at risk for wildfire ignition, the central highlands for non-anthropogenic models and the regions
including and surrounding Lake George, Lake Clear, Saranac Lake, and Lake Placid for the other
models, each seemed to highlight significant areas in and around these lake communities as
being extremely suitable for wildfire activity.
Limitations. To be able to incorporate accurate temperature, precipitation, and PET
values instead of annual solar radiance, the data resolution and source accuracy must be
improved. The CRU climate data was not used because of its large 0.5° grid cell size. These cells
cover large swaths of area encompassed by the state park and are partially sourced from weather
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stations not located within the park. To acquire more accurate data at a finer spatial resolution
temperature sensors and precipitations gauges could be placed in intervals at the resolution
sought. The data from these could be gathered over the desired timespan and used to manually
construct a more accurate raster. Another option would be to use Thermal Infrared (TIR)
products from bands 10 and 11 of the Landsat 8 satellite. This would provide 30m2 spatial
resolution, the resolution of the data used in this study (Loyd, 2013). Without using these, solar
radiance appears to be the best relative alternative.
Implications. Not only does it appear that the areas including and surrounding Lake
George, Lake Clear, Saranac Lake, and Lake Placid are at high-risk of ignition, but many of
these high-risk areas also include many zones of high to extremely high wildfire spread risk. The
high risk of ignition, coupled with the high to extremely high risk of wildfire spread, and the
connectivity of these spread zones seems to imply that spread within and eventually outside of
these ignition zones is likely. Thus, leaving much of the park vulnerable to wildfire in the
instance of drought and ignition inducing activities, such as miscellaneous (leading historical
cause), campfires, other anthropogenic forces, and lightning.
Each model has value. The combined non-anthropogenic/WUI models may be best suited
for those who want to assess fire risk in its totality. Using the solely WUI models may be best for
police and other emergency service personnel, or even educators, looking to mitigate legal or
illegal ignition inducing behavior. The non-anthropogenic variables models may be best for
those looking to mitigate the likelihood of natural ignitions and may provide land managers with
knowledge of areas that may need to be surveyed for understory clearing. However, because of
the mediocrity of the accuracy of these models, they may be best left as an educational tool. By
overlapping the ignition risk models with spread risk, environmental planners, land managers,
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emergency service personnel, etc. can develop materials and plans to best protect life and
property. Doing so by inferring where fires are most likely to start and then traverse. The fire
danger model may allow for the predominant allocation of funds to these high-risk fire activity
zones, where the model accounts for both physiographic characteristics and historical precedent.
Ultimately, each model can prove beneficial, and since it is impossible to know which may truly
be most correct in risk assessment, each should be used for circumstances best tailored to that
model. However, this should not understate the increase in detail these models give by
comparison with the existing materials developed by the DEC. Thus, allowing for land
managers, emergency services personnel, policy makers, etc. to better understand areas of
concern. Additionally, through the consideration of climate change, professionals can use these
model products or methods to create their own products, from which they can make inferences
into how a warming and drying climate may affect these areas of risk.
Future Work. Further studies should try a multitude of approaches, such as not
simplifying some of the variables as was done for these models. Also, incorporating actual
annual or seasonal temperature, precipitation, and/or PET values instead of using annual solar
radiance to assess the different outcomes. Another option includes using hyperspectral data to
develop a more accurate vegetative land cover classification system, and a better understanding
of its flammability. Furthermore, using finer resolution (finer than 30 X 30 m) and hillshade data
may improve model performance. The former by increasing the spatial detail of at-risk areas, and
the latter by providing detail where hillshade may lower temperatures, leading to a decrease in
evapotranspiration and ignition likelihood. Using future temperature and PET projections may
allow for suitability models to be produced that seek to predict how the wildfire ignition and
spread risk areas may change over specific periods of temporality. Furthermore, by collecting
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burn area and direction data, one may be able to assess the accuracy of the spread risk model in
this study, making improvements upon the understanding of where fire may be most likely to
spread post-ignition.
Lastly, there appears to be a literature gap in WUI study. Most, if not all literature seems
to focus on the expansion of the WUI through the encroachment of urban landscape into
wildland. However, as green infrastructure becomes more prevalent in urban landscapes to
combat hazards, such as, flooding and urban heat islands (UHI), it seems logical that concerns
must be raised here too (Cool Neighborhoods NYC [CNNYC], 2017). As this appears to
constitute a backwards or reverse WUI spread, where instead of urban expansion into wildland,
wildland is seemingly being reintegrated into the urban setting. If drought tolerance,
flammability, and vegetative connectivity are not taken into account, could this new more
heavily vegetated urban setting, ripe with human ignition sources experience high rates of fire?
Could this fire then spread to buildings, causing vast amounts damage amongst the overcrowded
structures? These are questions additional studies would have to answer, ones that could benefit
by using suitability models as outlined in this study, to assess ignition and spread risk in
hypothetical scenarios based on current and potential vegetative extent.
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Appendix
Table 3: Suitability Model Variables Used and Why
Variable
Type
Aspect

Non-Anthropogenic

Elevation

Non-Anthropogenic

Land Cover

Non-Anthropogenic

Annual Solar Radiance

Non-Anthropogenic

TRI

Non-Anthropogenic

Slope

Non-Anthropogenic

Structure
Density/Clustering

Anthropogenic

1-km Roadway Buffer

Anthropogenic

Reason for Use

Models Used
For
Effects where solar
Nonradiance is concentrated Anthropogenic,
and the rate of
Combined
evapotranspiration.
NA/A, Fire
Spread
Effects wind exposure,
Nonvegetation type, and
Anthropogenic,
interaction with people.
Combined
NA/A
Land cover type effects
Nonflammability, fire
Anthropogenic,
mobility, and interaction
Combined
with people.
NA/A, Fire
Spread
Effects surface
Nontemperatures and
Anthropogenic,
evapotranspiration rates.
Combined
NA/A, Fire
Spread
Effects vegetative
Nonconnectivity, fire
Anthropogenic,
mobility, solar radiancy
Combined
exposure.
NA/A, Fire
Spread
Effects solar radiancy
Fire Spread
exposure and fire
mobility.
Effects interactions of
Anthropogenic,
people between
Combined
wildland and urban land.
NA/A
Effects interactions of
Anthropogenic,
people between
Combined
wildland and urban land.
NA/A

Table 4: Communities Impacted by High Ignition Risk WUI/Anthropogenic Variable Model
Lake George
Diamond Point
Cleverdale
Warrensburg
Bolton Landing
Kattskill Bay
Lake Vanare
Western Glens Falls
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Northern Queensbury

Bolton

Axton Landing

Saranac Lake
Southwest Kiwassa
Lake
Moose Island
Connery Pond
Crosbyside

Lake Placid
South Bloomingdale

Lake Clear
Along the Saranac
River
Round Lake
Brayton

Heart Lake
Whiteface

Southwest of Middle
Saranac Lake
Ray Brook
Buck Island
Averyville
Rockhurst

Table 5: Communities Impacted by High Ignition Risk Non-Anthropogenic Variable Models
Northwest
Broadalbin
West Union
Mills
Dennies
Hollow
South
Batchellerville
Allentown
Lake Luzerne
Lake Vanare
West Fort Ann

Great
Sacandaga
Lake
Northampton

Munsonville

Mayfield

Bloomingdale

Averyville

Fish House

Fayville

Round Lake

Buck Island

Northville

Clarkville

Edinburg

Moose Island

Heart Lake

West Day

Day Center

Day

Whiteface

Overlook

Hadley

Corinth

Connery
Pond
Gabriels

Conklingville Western Glens
Falls
Northern
Pattens Mills
Queensbury
Lake George
Katskill Bay

Stony
Creek
Tripoli

Paul Smiths

Rainbow
Lake
Vermontville

Redford

Saranac

Picketts
Corners
Town of
Dannemora
Lyon
Mountain
Chazy Lake
Ellenburg
Center
Brainardsville
Indian Lake

Elsinore

Bolton
Landing
Mt. Hope

Warrensburg

Cleverdale

Hogtown

South Bay

Clemons
Thurmon
Station
Bolton
Putnam

Silver Bay
Chester

Thurman
Chestertown

Diamond
Point
Iron
Furnace
Huletts
Landing
Athol
Brant Lake

Pilot Knob
Dresden

North Bolton
Glenburnie

Hague
Wright

Indian Kettles

Ticonderoga

Street Road

Crown Point
Center
Moriah Center
Paradox

Factoryville

Moriah

Crown
Point
Port Henry

Witherbee
Severance

Westport
North Hudson

Adirondack

New Russia

Elizabethtown

Mineville
Schroon
Lake
Willsboro

Standish
Ellenburg
Merrill
Bellmont

Waverly

Owls Head
St. Regis
Falls
Gile

Onchiota

West Kilns

Brighton
Tupper Lake

Harrietstown
Hopkinton

Parishville

Clare
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Keeseville

Port Kent

Au Sable

Piercefield

Childwold

Keene Valley

Au Sable
Chasm
Keene

Au Sable
Forks
Upper Jay

Jay

Wanakena

Wilmington

Olmstedville

Riparius
North River

Pottersville
Minerva

Johnsburg
Wevertown

North
Creek
Baker Mills
Newcomb

Cranberry
Lake
Newton Falls
Coffin Mills
Fine

Lake Placid
Old Forge

Ray Brook
Thendara

Brantingham
Grant
Piseco

Woodgate
Gray
Wells

Caroga

Johnstown

Saranac Lake
Blue
Mountain
Lake
Wheelertown
Startford
Dempster
Corners
North Bush

Riceville

Rockhurst

Brayton

Star Lake

Lake Clear
Long Lake

Eagle Bay
Lake Easka

Oswegatchie
Raquette
Lake
Inlet
Lake Tekeni

Russia
Hoffmeister
Rockwood

Ohio
Lake Pleasant
Bradtville

Northwood
Speculator
Ephratah

Caroga
Lake
Crosbyside

Wheelerville

Bleecker

Town of
Chesterfield

Table 6: Communities Impacted by High Ignition Risk Non-Anthropogenic Variable/WUI
Combined Models
Lake
Town of
West Glens
West
North
Warrensburg
Luzerne
Corinth
Falls
Queensbury
Queensbury
Lake George Pattens Mills
Oneida
Brayton
Rockhurst
Cleverdale
Corners
Kattskill Bay
Crosbyside
Diamond
Bolton
Bolton
Green Island
Point
Landing
Thurman
Riverbank
Darrowsville
Adirondack
Brant Lake
Pottersville
Station
Hague
Wright
Ticonderoga
Street Road
Crown Point Crown Point
Center
Schroon
Paradox
Moriah
Moriah
Westport
Elizabethtown
Lake
Center
Town of
Au Sable
Jay
Upper Jay
Peasleeville
Saranac
Chesterfield
Forks
Heart Lake
Round Lake
Lake Placid
Averyville
Buck Island Moose Island
Whiteface
Undercliff
Ray Brook
Saranac Lake
North Elba
St. Armand
Kiwassa
Harrietstown Lake Colby Bloomingdale
Gabriels
Brighton
Lake
Lake Clear
Santa Clara
Axton
Landing
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Table 7: Communities Impacted by High Ignition Risk By Causation
Misc.

CF

L

DB

I/A

Smk

Equip.

PL

Cld

Lake George

Bolton
Landing
Pilot Knob

Mayfield

Au Sable
Forks
Rogers

Warrensburg

Warrensburg

Warrensburg

Warrensburg

Riparius

Jay

Scout Island

Town of
Warrensburg
Diamond
Point
Lake George

Town of
Warrensburg
Town of
Lake George
Lake George

Town of
Warrensburg
Lake George

Town of
Warrensburg
Lake George

North Creek

Town of
Lake George

Town of
Lake George

Johnsburg

Athol

Athol

Bakers Mills

Diamond
Point
Trout Lake

Diamond
Point
Cleverdale

Stony Creek

Edwards Hill

Haselton

Town of
Lake George
Town of
Queensbury
Crosbyside

Au Sable
Forks
Town of Au
Sable
Town of
Black
Brook
Town of Jay

Diamond
Point

Sodom

Town of Jay

Long Island

Big Hollow

Town of
Lake
Luzerne
Big Hollow

Town of
Chesterfield
Clintonville

Trout Lake

Holcombville

Rogers

Town of
Wilmington
Black
Brook
Stevens
Landing

Fort William
Henry
Big Hollow

Cooper
Point
Bolton

Fort William
Henry
Crosbyside

Lake Vanare

Igerna

Lake Forest

Bolton

Town of
Bolton

Town of
Queensbury

Stevens
Landing
Black
Brook
Rome

Dome Island

North Jay

Moose Island

Thomasville

Green
Street
Fern Lake

Thurman
Station
Town of
Chester
Riverbank

Rockhurst

Green Island

Town of
Bolton
Cooper Point

Town of
Lake
Luzerne
Big Hollow

Town of
Chester
Lake Placid

Hogtown

Diamond
Point
Bolton
Landing
Cleverdale

Cleverdale

Burnt Island

Long Island

Queensbury

Turtle Island

Crosbyside

Glen Island

Fort William
Henry

Fourteen
Mile Island

Speaker
Heck Island
Town of
Queensbury
Town of
Warrensburg

Town of
Northampton
Town of
Mayfield
Cranberry
Lake

Big Hollow

Dome Island

Town of
Bolton
Pilot Knob

Dennies
Hollow
Munsonville

Elizabeth
Island
Clay Island

Jackson
Summit

Diamond
Point
Warrensburg

Keeseville

Green Island

Town of Au
Sable
Town of
Chesterfield

Clay Island

Rome

Bellingers
Island
Mohican
Island
Fork Island

Thomasville
Ausable
Chasm

Mt. Hope

Little Harbor
Island
Town of
Dresden
Town of
Fort Ann
Town of
Lake
Pleasant
Town of
Arietta
Town of
Speculator
Town of
Harrietstown
Town of
Santa Clara

Crown
Island
Fourteen
Mile Island
Log Bay
Island
Burnt Island

Sacandaga
Park
Sweets
Crossing

Town of Au
Sable
Town of
Black
Brook
Rome
Thomasville

Trout Lake

Long Island
Bolton
Town of
Bolston
Trout Lake

Glen Island

Fort William
Henry
Crosbyside
Town of
Thurman
Town of
Stony Creek
Town of
Bolton
Thurman
Station

Turtle Island
Bellingers
Island
Fork Island
Little Harbor
Island
Trout Lake
Town of
Lake George
North
Bolton
Town of
Dresden
Town of
Fort Ann
Redford
Clayburg
Town of
Saranac
Town of
Black Brook

RR

Wevertown

Struc.

Buck Island
Town of
Wilmington
Town of
Keene
Town of
North Elba
Town of St.
Armand
Deerhead

Town of
Chesterfield
Town of
Willsboro
Town of
Lewis

Table 7 Key:
Misc: Miscellaneous

CF: Campfire

L: Lightning

DB: Debris Burning

I/A: Incendiary/Arson

Smk: Smoking

Equip: Equipment

PL: Powerline

Cld: Children

RR: Railroad

Struc: Structures

Table 8: Communities Impacted by Extremely High Spread Risk Model
Lake George
North
Pattens Mills
Fort Ann
Hague
Queensbury
Chestertown
Bolton
Bolton
Warrensburg
Athol
Landing
Lake
Fourth Lake
Lake Vanare
Corinth
Hadley
Luzerne
Wevertown
Johnsburg
North Creek North River
Bakers Mills
Adirondack
Ticonderoga
Schroon
Severance
North Hudson
Lake

Brant Lake
Stony Creek
Riparius
Pottersville
Port Henry
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Moriah
Keene

Moriah Center
Upper Jay

Witherbee
Jay

Mineville
Wilmington

Olmstedville
Averyville
Saranac
Lake
Redford

Minerva
Ray Brook
Westport

Newcomb
Whiteface
Keeseville

Round Lake
Buck Island
West Kilns

Saranac

Dannemora

Chazy Lake

Standish

Harrigan

Ellenburg
Center

Merrill

Lyon
Mountain
Ellenburg

Brainardsville

Owls Head
Brighton

Two Brooks
Franklin

Union Falls
Duane

Lake Clear
Wawbeek

Santa Clara
Paul Smiths

Gabriels
St. Regis
Falls
Tupper Lake
Lake Colby

Moody
Kiwassa Lake

Hopkinton
Childwold
Cranberry
Lake
Lyonsdale
Lake Gray
Eagle Bay

Lake Ozonia
Piercefield
Fine

Floodwood
Paul Smiths
Easy Street
Colton
Wanakena
Croghan

Vermontville
Duane
Center
Kildare
Keese Mill

Lower
Chateaugay
Lake
Harrietstown
Waverly

Parishville
Star Lake
Watson

Stark
Oswegatchie
Greig

Clare
Newton Falls
Brantingham

Webb
Gray
Thendara

Ohio
Stratford
Lake Tekeni

Lake Easka

Minnehaha

Long Lake

Blue
Mountain
Lake
Piseco
Sabael
North Bush

Kenwells

Hoffmeister

Arietta

Benson

Raquette
Lake
Upper
Benson

Higgins Bay
Deerland
Bradtville

Wells
Caroga Lake
Ephratah

Speculator
Johnstown
Rockwood

Lake Pleasant
Bleecker
Middle Sprite

Knappville

Pleasant
Lake
Jackson
Summit
Sacandaga
Park
Greenfield
Day

South Pine
Lake
Tomantown

Woodgate
Northwood
Inlet

North
Oppenheim
Scotchbrush
Wheelerville Peters Corners
Town of
Broadalbin
Providence
West Day
Allentown

Dennies
Hollow
Fayville
Batchellerville
Conklingville

Otter Lake Number Four
Russia
Grant
Mountain
Old Forge
Lodge
Wheelertown
Nobleboro

Lindsley
Corners
Northampton
Edinburg
Fox Hill

Elizabethtown Keene Valley
Au Sable
Paradox
Forks
Lake Placid
North Elba
Moose Island Bloomingdale
Hawkeye
Black Brook

Indian Lake
Mayfield
Dempster
Corners
Canada Lake
Union Mills

Northville

Glenwild

Clarkville
Day Center

Tenantville
Overlook

127

Table 9: Communities Impacted by High-Risk Integrated Fire Danger Model
Bolton Landing Green Island
Fourteen Mile
Crown Island
Island
Chestertown
Adirondack
Town of
Town of Bolton
Horicon
Town of Chester Town of
Darrowsville
North Bolton
Warrensburg
Town of Jay
Town of
Rome
Thomasville
Wilmington

Riverbank
Sherman Lake
Jay
Hasleton

Figure 55: Overview of suitability models and their relation to one another.
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